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Figure 1. Example of meshes generated by FASTMESH. Our approach efficiently produces 3D objects by substantially reducing the number
of tokens required for generation. Note that all meshes are directly generated from point clouds.

Abstract

Recent mesh generation approaches typically tokenize
triangle meshes into sequences of tokens and train autore-
gressive models to generate these tokens sequentially. De-
spite substantial progress, such token sequences inevitably
reuse vertices multiple times to fully represent manifold
meshes, as each vertex is shared by multiple faces. This re-
dundancy leads to excessively long token sequences and in-
efficient generation processes. In this paper, we propose an
efficient framework that generates artistic meshes by treat-
ing vertices and faces separately, significantly reducing re-
dundancy. We employ an autoregressive model solely for
vertex generation, decreasing the token count to approxi-
mately 23% of that required by the most compact existing
tokenizer. Next, we leverage a bidirectional transformer
to complete the mesh in a single step by capturing inter-
vertex relationships and constructing the adjacency matrix
that defines the mesh faces. To further improve the genera-

tion quality, we introduce a fidelity enhancer to refine ver-
tex positioning into more natural arrangements and propose
a post-processing framework to remove undesirable edge
connections. Experimental results show that our method
achieves more than 8× faster speed on mesh generation
compared to state-of-the-art approaches, while producing
higher mesh quality.

1. Introduction
Industries such as gaming, visual effects, and virtual reality
rely heavily on 3D meshes as the core representation, due
to their compactness and compatibility with mature render-
ing pipelines. As the demand for 3D assets continues to
grow, creating high-quality meshes through traditional man-
ual modeling remains time-consuming and labor-intensive.
This has driven a wave of research into data-driven gen-
erative models that aim to automate mesh creation, either
from scratch or conditioned on point clouds [5, 8, 12, 14,
36, 45, 47]. These approaches typically represent a mesh as
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a sequence of tokens and train an LLM–style architecture to
generate the tokens autoregressively.

Despite promising advances in mesh generation, the
next-token prediction paradigm faces a key limitation: it
is inefficient in both time and memory due to the long to-
ken sequences. In a mesh, multiple faces often share com-
mon vertices. As a result, tokenization requires repeatedly
recording the same vertices across different tokens, lead-
ing to significant redundancy. Consequently, these methods
typically take 30 seconds to one minute to generate a mesh
with 500 vertices on an A6000 GPU, and they struggle to
scale to complex meshes with a large number of vertices.
While some works have proposed more efficient tokeniza-
tion strategies to improve compression ratios [7, 22, 43, 48],
repeated references to the same vertex tokens remain un-
avoidable when encoding geometric information into a sin-
gle sequence.

In this paper, we introduce FASTMESH, an efficient
framework for generating high-quality 3D meshes within
seconds. The key idea is to decouple the generation of
mesh components—vertices and faces—and process them
sequentially to avoid duplication issues commonly encoun-
tered in mesh tokenization. For vertex generation, we em-
ploy an autoregressive model, as it inherently accommo-
dates varying vertex counts. Once vertices are generated,
we recognize that their connectivity primarily depends on
local information, allowing for parallel processing. To fa-
cilitate this, we leverage a bidirectional transformer [42]
to model the relationships between vertices, from which
edge connections can be directly derived in one step. These
edges form an adjacency matrix that is then used to extract
faces by identifying closed triangles. Thanks to this de-
sign, FASTMESH reduces the token count to approximately
23% of that required by the previous most compact tok-
enizer [48], significantly mitigating issues associated with
long token sequences, such as high inference latency and
quality degradation.

Beyond this, we introduce a fidelity enhancer module
and a prediction filtering process to further improve mesh
quality. The fidelity enhancer maps discretized vertex posi-
tions, which are constrained by indexing [48], back to con-
tinuous coordinates. This results in smoother surfaces and
more natural vertex distributions. In addition, the prediction
filtering, a post-processing technique for face generation,
refines the adjacency matrix by progressively masking irrel-
evant connections. This reduces redundant or spurious faces
while preserving the intended geometric structure, yielding
meshes that are cleaner, more compact, and better aligned
with downstream requirements.

Extensive experiments on the Toys4K dataset [37]
demonstrate that FASTMESH can generate higher-quality
3D meshes with significantly less time than previous meth-
ods. When generating meshes with 1,000 and 4,000 ver-

tices, our method only takes about 7 seconds and 30 sec-
onds, respectively, achieving an 8× speedup over BPT [48].
In particular, since our mesh is generated in continuous
space with a higher vertex count, it achieves not only greater
geometric accuracy but also higher visual quality. Further-
more, we show that our method can be effectively integrated
with other 3D generation pipelines that produce non-mesh
3D assets, enabling the creation of artistic meshes aligned
with diverse input modalities such as images or text. As
illustrated in Fig. 1, FASTMESH accurately represents a di-
verse range of complex structures conditioned on shape in-
puts. Our contributions can be summarized as follows:
• We propose an efficient framework for high-quality mesh

generation, which treats vertices and faces separately,
each with a dedicated model suitable for the task. In par-
ticular, once the vertices are ready, all the mesh edges are
generated in parallel via a bidirectional transformer. Our
design reduces the token count to about 23% of that re-
quired by the previous most compact tokenizer [48].

• We integrate a fidelity enhancer to improve the preci-
sion of vertex representations by restoring information
lost during quantization. Additionally, we propose pre-
diction filtering to reduce connectivity errors while pre-
serving geometric structure and mesh quality.

• FASTMESH shows a clear advantage through the Toys4K
dataset by generating more detailed and accurate meshes
at a significantly faster speed compared to prior methods.

2. Related Work

2.1. 3D Mesh Generation

Early studies [13, 16, 26, 29, 41, 50] on mesh genera-
tion, constrained by the scarcity of large-scale 3D datasets,
trained on limited object categories, and often failed to gen-
eralize to out-of-distribution classes. DreamFusion [30] pi-
oneered the use of score distillation loss to train 3D mod-
els guided by diffusion priors [32, 33], inspiring a series
of follow-up works [4, 6, 21, 39, 44] aimed at mitigating
the lack of 3D data. With the release of large-scale 3D
datasets [10, 11], feed-forward methods [15, 20, 23, 46, 51]
demonstrated high-speed 3D generation, while subsequent
diffusion-based approaches [9, 17, 18, 24, 49] produced
more detailed and higher-quality outputs. Most of these
methods utilize intermediate representations (e.g., point
clouds, implicit functions, and triplane) rather than meshes
to facilitate the training of 3D geometry. These are typi-
cally converted into meshes through post-processing tech-
niques [2, 25, 34], enabling use in downstream tasks. How-
ever, such pipelines often yield dense meshes with overly
smooth surfaces or cause distortions through interpola-
tion, failing to faithfully represent the intended 3D struc-
ture. Motivated by these limitations, a line of research has
emerged on generating complete meshes end-to-end with
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Figure 2. (a) Overall architecture of FASTMESH. Note that our pipeline consists of two stages, where we first generate the vertices from
the shape condition and then construct the faces to complete the mesh. (b) Visualization of the block-wise indexing scheme introduced by
BPT [48], which we adopt for vertex tokenization. (c) Structure of the fidelity enhancer in the first stage. The 7-bit discretized vertices
and shape condition are fed into the network to estimate the offset that can make the coordinate a continuous value. (d) Details of face
reconstruction. The generated vertices are embedded to capture inter-vertex relationships in a multi-head manner. Each head computes a
matrix, where the output represents one feature dimension used in edge prediction.

neural networks. Notably, PolyGen [28], MeshGPT [36],
and PolyDiff [1] were among the first to leverage genera-
tive models for creating mesh triangles, producing results
that closely resemble those crafted by human artists.

2.2. Shape-conditioned Artistic Mesh Generation

Since the initial works on artistic mesh generation were
published, MeshXL [5] and MeshAnything [8] proposed
the autoregressive model to create meshes by using shape
information in the form of point clouds as input. It is worth
noting that these designs enhance the scalability of artis-
tic mesh generation, since all 3D representations can be
easily converted into point clouds. However, since each
triangle requires three vertex coordinates—nine tokens in
total—these approaches struggle as the sequence length
grows with the number of faces. This makes it difficult for
the network to handle complex meshes. Meshtron [14] de-
signed a hierarchical structure to efficiently process large
amounts of tokens. More recent efforts [7, 22, 40, 43, 48]
have proposed compact tokenization mechanisms that en-
code mesh geometry into shorter sequences while preserv-
ing topological consistency. Among them, BPT [48] in-
troduces two promising schemes—block-wise indexing and
patchified aggregation—achieving a compression rate of
about 75%. This substantial reduction in computational
burden enables the network to process more complex and
large-scale meshes with up to 8,000 faces. However, token
compression alone does not fully resolve scalability—the
sequence length remains lower-bounded by the number of

faces, and discretization artifacts introduced by block-wise
indexing persist. On the other hand, SpaceMesh [35] adopts
a diffusion model for vertex generation, followed by embed-
dings to capture inter-vertex relationships, and constructs
faces by traversing edges in a half-edge representation. Al-
though this approach can generate meshes within a few
seconds, it suffers from low geometric accuracy and is re-
stricted to low-poly outputs, primarily due to instability in
predicting both vertices and edges. In contrast, FASTMESH
is capable of generating high-complexity meshes with de-
tailed structures while maintaining faster inference. This
design not only overcomes the limitations of existing meth-
ods but also underscores the value of revisiting decoupled
design principles.

3. Proposed Method
The proposed method addresses the inherent redundancy in
vertex usage when tokenizing entire meshes as a single se-
quence, thereby facilitating faster inference and more ef-
fective handling of complex mesh structures. Similar to
prior works [7, 40, 48], we extract shape condition features
from input point clouds and normals using a pretrained en-
coder [52]. Subsequently, the network generates vertices
and faces to complete the mesh. Accordingly, the overall ar-
chitecture consists of two main stages, as shown in Fig. 2(a).

3.1. Stage I: Vertex Generation

Since vertex generation significantly influences the overall
mesh quality, we designed our approach to ensure high-



Figure 3. (a) Example of high-resolution mesh containing 7,694
vertices. (b) Mesh obtained by discretizing (a) in 7-bit coordinate
space, resulting in 3,636 vertices. (c) Mesh reconstructed using the
same 3,636 vertices as in (b), with continuous coordinates refined
by our fidelity enhancer.

quality vertex prediction. We first generate vertex se-
quences using an autoregressive model and then refine the
vertex positions with the fidelity enhancer to achieve more
precise and naturally arranged vertex distributions. To sup-
port efficient generation in the autoregressive model, we
employ the block-wise indexing method to compress the
vertex representation sequence effectively. This technique,
originally introduced in BPT [48], is illustrated in Fig. 2(b).
Specifically, block-wise indexing maps XYZ coordinates
into two distinct values (i.e., the block index and the off-
set index), which represent the discretized 3D space sep-
arated by the global block and the local offset. Further-
more, the vertices are integrated within each block, assign-
ing the block index once per group in the sequence. This
compresses the final sequence length to roughly match the
number of vertices. Where the number of faces (F ) is
about twice the number of vertices (V ), and each face in
the vanilla mesh representation (S) requires nine tokens, we
obtain S = 9F ≈ 18V . This reduction in sequence length
significantly improves inference speed and stabilizes gener-
ation by reducing the accumulation of prediction error.

Even though block-wise indexing efficiently compresses
the sequential representation, its reliance on 3D space dis-
cretizations leads to the loss of fine geometric details. As
the complexity of 3D objects increases and the number of
vertices grows, higher spatial resolution becomes necessary,
which further amplifies this degradation. This issue primar-
ily stems from two factors: the shifting of vertex positions
to quantized points and the reduction of points through the
merging of neighbors. As shown in Fig. 3, discretizing an
object with 7-bit resolution noticeably reduces geometric
detail, while adjusting only the vertex positions to contin-
uous values restores most of the original geometry. Moti-
vated by this observation, we design the fidelity enhancer,
a small transformer structure, that receives 7-bit discretized
vertex positions and shape information to convert each ver-
tex into a continuous coordinate by predicting the residual,
as illustrated in Fig. 2(c).

3.2. Stage II: Face Generation

In this stage, we embed the vertices by using the bidi-
rectional transformer to capture inter-vertex relationships

and predict the edges to finalize the mesh structure. Since
SpaceMesh [35] demonstrates the effectiveness of the
spacetime distance function [19] for modeling relational
structures, we adopt this function to compute interactions
between vertices, defined as follows:

dst(u, v) = dst([u1, u2], [v1, v2])

= ∥u1 − v1∥22 − ∥u2 − v2∥22 (1)

where dst(·) denotes the spacetime distance function, and
u and v are input vectors, corresponding to embedded ver-
tex features in our setting. Each vector is split in half, and
the Euclidean distance is computed separately for the two
parts. The final value is computed by subtracting the second
distance from the first, enabling the representation of both
positive and negative values. Instead of using the function
as the final activation, as done in SpaceMesh, we employ a
multi-head approach in which the feature vector is split and
the function is applied independently across the heads, with
each result forming the distinct dimension of the edge fea-
ture. This edge feature is then passed through a prediction
network, which outputs the edge logits for determining ver-
tex connectivity(see Fig. 2). This strategy significantly im-
proves the network’s capacity to represent diverse and com-
plex connectivity. Lastly, we threshold the logits at zero to
determine edge connectivity, then construct mesh faces by
identifying triplets of vertices that are mutually connected.

In the training phase, we adopt the asymmetric loss [31]
to guide edge predictions, emphasizing the scarce positives
whose proportion declines as the vertex count grows. Ad-
ditionally, we prioritize reducing false-positive edges that
create holes, rather than pursuing class balance, to preserve
geometric fidelity. The loss is defined as follows:

AsyLoss(p) =

{
L+ = (1− p)γ+ log(p),

L− = pγ− log(1− p),
(2)

where L+ and L− represent the loss values for positive and
negative samples, respectively, and γ+ and γ− are scaling
factors controlling how steeply the loss decreases as pre-
dictions become more confident, set to 0 and 3 in our ex-
periments. It is noteworthy that the face generation process
is executed in a single feedforward, which can achieve fast
inference while producing sophisticated results.

3.3. Post-processing: Prediction Filtering

Our face generation process occasionally predicts incorrect
links, most of which do not significantly affect the mesh
structure due to overlaps, but they increase computational
cost. To address this, we introduce prediction filtering, a
post-processing strategy applied after the initial adjacency
matrix prediction. The bandwidth of an adjacency matrix
is defined as the maximum |i − j| for which A[i][j] ̸= 0,



Figure 4. The detailed structure of the prediction filtering. We
use the initial adjacency matrix from the first face generation to
perform BFS reordering. Based on this reordering, we apply the
minimum bandwidth mask and the minimum candidate mask as
attention masks.

representing the farthest distance from the diagonal where a
connection occurs. We first reorder nodes via breadth-first
search to reduce bandwidth and construct a minimal band-
width mask that retains edges with |i − j| ≤ B. Using
this mask, we re-predict edges over two iterations, narrow-
ing the candidate set at each step. Subsequently, we apply
a minimum candidate mask, which assigns each node i a
maximum valid connection distance ri (retaining neighbors
j with |i− j| ≤ ri), and repeat the two-iteration refinement.
The entire process is illustrated in Fig 4. This two-stage, it-
erative filtering reduces unnecessary faces while preserving
geometric fidelity.

4. Experiments
4.1. Implementation details

Model Variants. We introduce two variants of our
method, i.e., FASTMESH-V4K and FASTMESH-V1K. The
two variants share an identical model structure, but differ in
the filtering applied to the training data: FASTMESH-V4K
is trained on meshes with up to 4,000 vertices, whereas
FASTMESH-V1K is trained on a subset filtered to include
only meshes with no more than 1,000 vertices.

Datasets. To train the full network, we combine
ShapeNet [3], Objaverse [10], and a portion of Objaverse-
XL [11], selecting samples with fewer than 4,000 vertices.
We further filter out undesirable meshes with our algorithm
and finally obtain a dataset of 100K high-quality meshes.
For inference, we use the Toys4K dataset [37], which con-
tains 4,000 meshes with a diverse range of complexity.

Evaluation Metrics. To quantitatively evaluate the qual-
ity of mesh generation, we adopt Chamfer Distance (CD)
and Hausdorff Distance (HD) as evaluation metrics. Both
the generated and ground-truth meshes are normalized in

Table 1. Quantitative comparison on the Toys4K dataset. The best
and second best results in each category are bold and underlined
respectively.

Method CD (%) ↓ HD(%) ↓ Inf. Time(s) ↓ #V
MeshAnything 12.02 26.87 26.06 218.6
MeshAnythingV2 10.23 24.98 31.94 533.3
TreeMeshGPT 5.46 13.96 27.32 706.3
BPT 5.71 12.02 49.23 525.5

FASTMESH-V1K 4.09 10.32 3.41 467.2
FASTMESH-V4K 4.05 10.22 6.60 1040.6

scale, and 5,000 points are uniformly sampled from each
mesh surface. CD measures the average closest-point dis-
tance between two point sets, capturing the overall struc-
tural similarity. HD captures the largest deviation by mea-
suring the point that is farthest from any point in the other
set, making it sensitive to local errors such as holes or incor-
rectly reconstructed regions. Additionally, we calculate the
average inference time (Inf. Time) and number of vertices
(#V) per mesh to demonstrate the efficiency of our frame-
work. In the experiment for ablation studies, we also use
the number of faces (#F), F1-score, and recall.

4.2. Performance Evaluation

To demonstrate the effectiveness of our method, we conduct
both quantitative and qualitative evaluations by compar-
ing it with state-of-the-art approaches for shape-conditioned
artistic mesh generation (i.e., MeshAnything [7, 8],
TreeMeshGPT [22] and BPT [48]). For quantitative eval-
uation, we use the Toys4K dataset [37], which none of the
compared models have used for training. In qualitative eval-
uation, we additionally utilize the samples from the Obja-
verseXL dataset [11]. The results for comparisons are con-
ducted without using post-processing.

Quantitative. For evaluation, we used the Toys4K dataset
by selecting meshes with fewer than 5,000 vertices, re-
sulting in a total of 2,063 samples. The comparison re-
sults are presented in Table 1. As shown in the results,
the FASTMESH-V4K achieves the best performance, with
scores of 4.05 and 10.22 on Chamfer distance and Haus-
dorff distance, respectively. In terms of generation time
per vertex, FASTMESH-V4K is eight times faster com-
pared with BPT while having better geometry representa-
tion. Moreover, FASTMESH-V1K demonstrates the fastest
inference time, with an average of approximately 3.41 sec-
onds per mesh, which is nearly twice as fast as FASTMESH-
V4K, owing to its use of fewer vertices. It also shows
that the stability of mesh generation by using such long se-
quences often fails due to the accumulation of prediction
errors during generation, which further deteriorates overall
performance. It is noteworthy that our proposed approach



Figure 5. Qualitative comparison of shape-conditioned mesh generation on the Toys4K dataset [37]. All meshes were generated from the
same input point clouds that were sampled from the original meshes.

deals with shorter sequences that mitigate not only the in-
ference speed but also the overall performance.

Qualitative. We conducted a qualitative evaluation using
high-resolution meshes from the Toys4K dataset, as shown
in Fig 5. As illustrated, the proposed method consistently
produces more accurate and refined meshes compared to
other approaches. Notably, other methods often fail to fi-
nalize the mesh structure, resulting in incomplete or dis-
torted shapes. In contrast, our method generates complete
and coherent geometry, effectively preserving fine-grained
features throughout the generation process. This is due not
only to token-length constraints but also to the growing in-
stability at longer sequences, as shown in the first example.
There are also cases where the overall shape is preserved,
but detailed features are not well represented. For instance,
in the fourth row of the comparison with TreeMeshGPT,
the rabbit exhibits simplified facial structures, particularly
poorly defined eyes and unnaturally thin arms, leading to
lower visual quality. We also demonstrate the effective-
ness of our fidelity enhancer through the example in the
last row by showing smoother surfaces. Additionally, we
present multi-angle views of our generated meshes across

samples of varying complexity from the Objaverse dataset
in Fig. 6, demonstrating that our results are consistently
well-structured.

4.3. Ablation Studies

In this subsection, we demonstrate the validity structure and
loss function for face generation by the comparative exper-
imental results according to the change of components. For
the experiment, we train the model on the ShapeNet dataset
and evaluate it on the Toys4K dataset by using meshes with
fewer than 500 vertices in both. Moreover, we demonstrate
the effectiveness of the fidelity enhancer, which locates ver-
tex positions in a natural arrangement.

Edge Prediction. To demonstrate the effectiveness of the
structure for the final step in the face generation, i.e., pre-
dicting edge connectivity using embedded vertex features,
we compare our method against four different designs: us-
ing spacetime distance function as final activation as used
in SpaceMesh [35]; computing the function multiple times
across split feature groups and averaging the results as log-
its; replacing the spacetime distance function to cosine sim-
ilarity; and following the multi-head manner which use the



Figure 6. Diverse view of mesh results from the proposed method in the Objaverse dataset [10].

Table 2. Performance analysis of the face generation according to
the change of the edge prediction structure based on the Toys4K
dataset.

Function Multi-head MLP CD (%) ↓ HD(%) ↓
Spacetime ✗ ✗ 7.27 25.32
Spacetime ✓ ✗ 5.72 21.41
Cosine ✓ ✓ 5.78 22.05
Spacetime ✓ ✓ 5.06 18.55

Table 3. Performance analysis of the face generation according to
the change of the loss function based on the Toys4K dataset.

Loss CD(%) ↓ HD(%) ↓ F1(%) ↑ Recall(%) ↑
BCE 11.62 36.27 69.45 64.07
Dice 10.88 35.68 67.60 71.20

Asymmetric 5.06 18.55 70.58 81.32

MLP block to predict logits. The following results are
shown in Table 2. Based on the comparison between the
first and second settings, the multi-head configuration pro-
vides a significant improvement over the case that uses a
single vector. This indicates that a single vector is insuffi-
cient to capture all complex relationships between vertices.
Furthermore, the design using the spacetime distance func-
tion outperforms the one using cosine similarity, reaffirming
the effectiveness of the spacetime distance function in graph
representation, as demonstrated in previous work. [19, 35].

Loss Function. We conducted a comparative analysis of
loss functions to evaluate their importance in training a face
generation model. We compared asymmetric loss [31] with
binary cross-entropy, dice loss [27], which are commonly
used in binary classification tasks. In addition to standard
geometry-based metrics, we also used F1 score and recall
as evaluation metrics to better understand the relationship
between the accuracy of matrices and the actual quality of

Table 4. Performance analysis of face generation with and without
prediction filtering (PF) on the Toys4K dataset. #F and #V denote
the number of faces and vertices, respectively.

PF CD(%) ↓ HD(%) ↓ Inf. Time(s) ↓ #F #V
✗ 4.05 10.22 6.77 6799.2 1040.6
✓ 4.03 11.02 12.59 2811.1 1040.1

the mesh. The experimental results show that the asym-
metric loss consistently outperformed the other loss func-
tions across all metrics. Since the asymmetric loss forces
the model to focus more heavily on learning from posi-
tive samples, it leads to more accurate predictions, despite
the low proportion of positive samples in the matrix. Dice
loss, which also emphasizes learning from positive values,
showed improved performance in Chamfer Distance (CD)
and Hausdorff Distance (HD) compared to BCE loss. How-
ever, it does not enforce this emphasis as strongly as the
asymmetric loss, resulting in comparatively lower overall
performance. Notably, although the F1 score remains sim-
ilar across all loss functions, the model trained with asym-
metric loss achieves a significantly higher recall with im-
proved shape metric scores. This suggests that positive pre-
dictions contribute more critically to the representation of
mesh structures, as improved recall is strongly associated
with better shape metric scores.

Prediction Filtering. We conducted an experiment to
evaluate how effectively unnecessary faces can be removed
through prediction filtering. We compare with generation
metrics along with the average number of faces and vertices
in each result, as shown in Table 4. As observed, the re-
sults without post-processing show that the number of faces
is excessively higher than the number of vertices. Most
of these extra faces are overlapping surfaces lying on the
same plane. Although they do not affect the mesh geom-



Figure 7. Comparison of the mesh results
from FASTMESH-V4K according to the
usage of the fidelity enhancer.

Figure 8. Comparison results of the two variants of the proposed method. The meshes are
generated from input point clouds extracted from the original meshes for each model.

etry, they result in unnecessary computational overhead in
downstream applications. Although post-processing leads
to a slight decrease in Hausdorff Distance due to removing
and making holes in the failure cases, it improves Chamfer
Distance while substantially reducing the number of faces.
This indicates that the method effectively removes unneces-
sary faces without compromising geometric quality.

Fidelity Enhancer We evaluated meshes generated with
and without the fidelity enhancer under identical conditions
and found clear improvements in facial details and smoother
surfaces (Fig. 7), demonstrating that our simple refinement
network can significantly improve mesh quality by adjust-
ing vertex arrangements.

4.4. Discussion

Variants We introduced two variants that exhibit different
generation behaviors by training with different data filter-
ing. FASTMESH-V1K is aimed at accelerating the process,
while FASTMESH-V4K prioritizes mesh quality. As shown
in Table 1, although FASTMESH-V1K handles significantly
fewer vertices than FASTMESH-V4K, the performance in
terms of Chamfer Distance (CD) and Hausdorff Distance
(HD) remains comparable. This is because these geometry-
based metrics are more sensitive to overall structural ac-
curacy than to fine-grained details, and FASTMESH-V1K
is still able to capture the mesh structure effectively with
fewer vertices. As illustrated in Fig. 8, even when given
a complex structure, FASTMESH-V1K successfully recon-
structs the overall geometry without structural collapse. On
the other hand, FASTMESH-V4K processes a larger number
of tokens, trading off some generation speed for higher de-
tail. This allows it to generate meshes with greater vertex
density, resulting in smoother and more elaborate surfaces.

Limitations and Future Work While our method shows
strong performance, several limitations remain. In vertex

generation, the model can occasionally produce overly fine-
grained sequences that exceed the maximum vertex limit.
In face generation, it may remove valid faces, retain invalid
ones, or produce overlapping faces, meaning manifoldness
is not guaranteed. Details and examples are provided in the
supplementary material. Future work will explore relative
positional encoding [38] to allow longer sequence genera-
tion, refine the face generation architecture, and introduce
constraints or additional pipelines to ensure manifoldness.

5. Conclusion

In this paper, we propose a simple yet powerful frame-
work for artistic mesh generation. We address the challenge
of representing the mesh in a single sequence by treating
the vertices and surfaces of the mesh separately. We en-
able the autoregressive model to process only a few tokens
for the process, which results in faster inference speed and
more stable results. To mitigate the discretization issue in-
troduced by the vertex quantization process, we apply the
fidelity enhancer, which refines vertex positions. Further-
more, we reduce the number of unnecessary faces through
the prediction reduction process, making the results from
our method to be in well-designed. Our experimental results
demonstrate that FASTMESH delivers significantly more ro-
bustness across diverse shapes compared to prior methods,
while generating highly detailed meshes up to 8× faster. We
have shown that the decoupled approach offers an efficient
solution for mesh generation, and we believe it will inspire
further research in the field.

Acknowledgements

This research is supported by the National Research Foun-
dation, Singapore, under its NRF Fellowship Award NRF-
NRFF16-2024-0003. This research is also supported by
NTU SUG-NAP, as well as cash and in-kind funding from
NTU S-Lab and industry partner(s).



References
[1] Antonio Alliegro, Yawar Siddiqui, Tatiana Tommasi, and

Matthias Nießner. Polydiff: Generating 3d polygonal meshes
with diffusion models. arXiv preprint arXiv:2312.11417,
2023. 3

[2] Fausto Bernardini, Joshua Mittleman, Holly Rushmeier,
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