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Figure 1: Representative High-Fidelity Mesh Generation by Mesh-RFT. Gallery of meshes
generated from point clouds, demonstrating intricate geometric detail and artist-like aesthetic quality.

Abstract

Existing pretrained models for 3D mesh generation often suffer from data biases and
produce low-quality results, while global reinforcement learning (RL) methods rely
on object-level rewards that struggle to capture local structure details. To address
these challenges, we present Mesh-RFT, a novel fine-grained reinforcement fine-
tuning framework that employs Masked Direct Preference Optimization (M-DPO)
to enable localized refinement via quality-aware face masking. To facilitate efficient
quality evaluation, we introduce an objective topology-aware scoring system to
evaluate geometric integrity and topological regularity at both object and face
levels through two metrics: Boundary Edge Ratio (BER) and Topology Score
(TS). By integrating these metrics into a fine-grained RL strategy, Mesh-RFT
becomes the first method to optimize mesh quality at the granularity of individual
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faces, resolving localized errors while preserving global coherence. Experiment
results show that our M-DPO approach reduces Hausdorff Distance (HD) by
24.6% and improves Topology Score (TS) by 3.8% over pre-trained models, while
outperforming global DPO methods with a 17.4% HD reduction and 4.9% TS gain.
These results demonstrate Mesh-RFT’s ability to improve geometric integrity and
topological regularity, achieving new state-of-the-art performance in production-
ready mesh generation.

1 Introduction

3D polygonal meshes serve as the foundational representation for digital assets in industries such
as gaming, film, and product design. Despite their ubiquity, high-quality, topologically optimized
meshes—essential for downstream tasks like editing, rigging, and animation—are still predominantly
handcrafted by skilled artists. Recent advances in generative models have enabled automated mesh
synthesis, significantly reducing the time and expertise required to produce production-ready 3D
assets. This democratization of mesh generation broadens access to 3D content creation, empowering
non-experts to produce geometrically precise and artistically viable models for applications ranging
from immersive media to industrial design.

Existing 3D generative models often use intermediate representations like voxels [1, 2], point
clouds [3, 4, 5], latent space [6, 7] or implicit fields [8, 9]. While these avoid direct mesh generation
complexities, post-processing (e.g., Marching Cubes [10]) often introduces topological issues and
smoothing. Native mesh generation [11] is more direct, with recent work using autoregressive
models and neural compression (e.g., VQ-VAE [12, 13, 14]) or geometric serialization tokenizers
(e.g., [15, 16, 17, 18, 19]) for sequence-based generation. However, long sequences for high-
resolution meshes can cause structural ambiguities and hallucinations (inconsistent edges, non-
manifold vertices, distortions, holes), deviating from geometric constraints or artistic intent, ultimately
leading to results that may not align with human aesthetic preferences or intended design. Though
truncated training [20] helps, autoregressive methods still lack stable generation and high fidelity.

Recently, reinforcement learning [21, 22] has emerged as a compelling approach for aligning mesh
generation more closely with human preferences. For example, DeepMesh [23] leverages Direct
Preference Optimization (DPO) [24], a simple yet effective preference alignment technique that has
also found utility in various other domains [25, 26, 27]. Nevertheless, directly applying reinforce-
ment fine-tuning to mesh generation using this method encounters two primary challenges. Firstly,
objectively quantifying mesh quality is difficult. DeepMesh relies on manual annotation of preference
pairs, which is expensive, time-consuming, introduces subjective bias, and limits the training data
to only 5,000 samples, hindering generalization. Secondly, its use of global reward signals fails to
capture the local topological variations inherent in 3D meshes. As illustrated in Figure 2, high-quality
and low-quality structures often coexist within a single mesh, leading to training noise due to this
mismatch in supervision.

Figure 2: High-quality, artist-like structures often co-
exist with messy, low-quality regions within the same
mesh.

To overcome these limitations, we introduce
Mesh-RFT, a novel framework that combines
Masked Direct Preference Optimization (M-
DPO) with fine-grained mesh quality evalua-
tion for both global and localized refinement.
Unlike prior work using subjective global re-
wards as supervision signals [23], we employ a
topology-aware scoring system with automated
metrics-Boundary Edge Ratio (BER) and Topol-
ogy Score (TS)-to objectively evaluate mesh
quality at both object and face levels, circum-
venting the laborious manual annotation efforts.
Mesh-RFT further employs a localized optimiza-
tion mechanism utilizing M-DPO and quality-
aware masks to specifically refine defective re-
gions, thereby addressing the coarse supervision
of global rewards. Extensive experiments across diverse meshes demonstrate Mesh-RFT’s supe-
rior performance, achieving significant improvements over both the pretrain baseline (24.6% HD
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reduction, 3.8% TS improvement) and global DPO (17.4% HD reduction, 4.9% TS improvement),
establishing a new benchmark for accuracy and fidelity in generative mesh modeling.

In summary, our contributions are as follows:

• We introduce the first fine-grained reinforcement fine-tuning framework, that integrates Masked
Direct Preference Optimization (M-DPO) with fine-grained mesh quality evaluation.

• We devise an objective topology-aware scoring system for evaluating mesh quality, eliminating
dependency on manual annotation and addressing subjectivity and scalability limitations.

• We propose a novel localized alignment mechanism that optimizes deficient regions geometrically
and topologically via quality-aware masks, bridging the gap between global and local supervision.

• Experiments demonstrate that our method achieves state-of-the-art performance in high-fidelity 3D
mesh generation.

2 Related work

2.1 3D Generation via Alternative Representations

Many 3D generative models avoid direct mesh modeling by using intermediate representations like
voxels, point clouds, or implicit fields. Early voxel methods [1, 2] using grids faced memory issues.
Point cloud methods [3, 4, 28, 29] with networks like PointNet [5, 30] struggle with consistency and
detail. Implicit fields, especially neural fields [8, 9, 31, 32], offer efficient representations. These
include score distillation with 2D diffusion models [33, 34, 35, 36, 37, 38] and 3D Transformer models
like LRM [39, 40, 41, 42, 43], alongside recent latent diffusion methods [44, 45, 46, 47, 48, 49, 50, 51]
that have demonstrated good scalability and performance. However, these approaches often rely
on post-processing via Marching Cubes [10], which can cause topological issues, smoothing, and
artifacts.

2.2 Native Mesh Generation

While neural shape representations such as implicit fields have been extensively studied, native mesh
generation is an emerging area of research. Early approaches leveraging surface patches [52] or
mesh graphs [53] often suffered from quality limitations. Diffusion-based methods [54, 55] have
seen limited exploration in this domain, potentially due to inherent difficulties in directly processing
meshes. PolyGen [11] demonstrated promise by autoregressively generating mesh vertices and
faces. MeshGPT [12] encoded meshes into quantized tokens using VQ-VAE [56] for autoregressive
generation. Subsequently, MeshXL [15] proposed a one-stage autoregressive model operating on
coordinate-level mesh sequences. Various tokenization techniques [16, 17, 19, 57] and efficient
training strategies [20, 58] have been explored to address the challenges of long sequences in high-
resolution generation; however, achieving stable and high-fidelity results remains a significant hurdle.

2.3 Reinforcement Learning for Mesh Generation

Reinforcement Learning (RL) [59] has gained traction for 3D generation [60] using human feedback.
Reinforcement Learning from Human Feedback (RLHF) aligns models with preferences by training a
reward model, then fine-tuning with RL. However, RLHF is costly and unstable for 3D tasks. Direct
Preference Optimization (DPO) [24] offers a more efficient, stable alternative by removing the reward
model. Despite success in language and image domains [25, 26], DPO’s application to 3D meshes is
limited. Closely related, DeepMesh [23] uses global rewards for alignment but struggles with 3D
mesh heterogeneity, over-optimizing some regions and under-optimizing others. Thus, RL methods
addressing local mesh structures are crucial for better 3D mesh quality and consistency.

3 Method

This section details the Mesh-RFT framework. As illustrated in Figure 3, our pipeline consists of
three stages: First, supervised pretraining is performed by feeding point clouds and ground truth
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Figure 3: Mesh-RFT Framework Overview. The pipeline comprises three stages: 1) Mesh
Generation Pre-training using an Hourglass AutoRegressive Transformer and a Shape Encoder;
2) Preference Dataset Construction where a pretrained model generates candidate meshes, and a
topology-aware score system establishes preference pairs; and 3) Mesh Generation Post-training
which employs Mask DPO with reference and policy networks for subsequent refinement.

mesh sequences into the model. Second, the pretrained model generates candidates, and a topology-
aware score system builds a preference dataset. Third, topology-aware Masked Direct Preference
Optimization is applied to post-train the model using this preference dataset to refine its performance.

3.1 Mesh Generation Pre-training

Firstly, we discuss mesh tokenization. Prior works [16, 17, 19] compress mesh sequences to manage
sequence growth with increasing faces, but such techniques embed excessive geometric information
per token, causing cascading face errors when a single token is incorrect (e.g., BPT [19] often
introduces patch-level holes). To avoid these issues, we adopt the uncompressed mesh sequence
method introduced from MeshXL [15]. Specifically, for a given mesh M, we first quantize the vertex
coordinates of each face, and then flatten them in XY Z order to construct a complete token sequence.

Model Architecture. To better capture the structure of the mesh, rather than framing mesh genera-
tion as a generic sequence task, we utilize Hourglass Transformer architecture [20, 61]. Our model
processes inputs hierarchically and incorporates two shorten and two upsample operations. The
shorten operations reduce the token sequence length using techniques such as linear or attention-based
pooling, while the upsample operations expand the sequence back to its original length through linear
or attention-based methods. This design enables the model to efficiently capture both high-level
patterns and fine-grained details. In point-cloud conditioned mesh generation, achieving fine-grained
and complex structures requires not only a powerful decoder but also high-quality point cloud features.
To this end, we adopt the point cloud encoder pretrained in Hunyuan3D 2.0 [48] to do this. These
features are injected into our autoregressive decoder as keys and values via cross-attention [62].

Truncated Training and Sliding-Window Inference. To reduce memory and computational costs,
we employ truncated training with fixed-length segments. This approach involves extracting smaller,
fixed-length segments from the mesh sequence for training, rather than using the entire sequence.
When a segment does not contain the start-of-sequence (SOS) token, we pad a small prefix portion to
avoid misleading the model. During inference, we use a sliding window approach to enhance both
speed and generation quality. The sliding process begins once 40% of the training window size is
covered, and only the most recent 30% of tokens are retained. This method reduces computational
load by focusing on the most relevant tokens, as distant tokens typically have less influence on each
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Figure 4: Examples of collected preference pairs. Meshes are annotated as preferred using our
scoring system. For certain pairs, the selected "good" meshes may exhibit inferior local performance
in specific regions compared to the rejected "bad" meshes.

other. Additionally, it helps mitigate high perplexity at the tail of each window, leading to more
accurate and efficient generation.

3.2 Preference Dataset Construction

We establish a systematic pipeline for constructing the preference dataset, which is used for RLHF
fine-tuning in the second stage. This pipeline consists of three key components: candidate generation,
multi-metric evaluation, and preference ranking. The process is described as follows.

Candidate Generation. For each input point cloud P , we generate eight candidate meshes{
M1

P ,M2
P , · · · ,M8

P
}

using the pre-trained model Gpre
θ .

Multi-Metric Evaluation. We evaluate each candidate mesh using a comprehensive set of criteria
to assess both geometric consistency and topological quality. In addition to measuring the geometric
alignment with the input data, we introduce two topology-oriented metrics that specifically aim
to capture the structural integrity and coherence of the generated meshes. These three metrics
are: Boundary Edge Ratio (BER) and Topology Score (TS) for evaluating topology, and Hausdorff
Distance (HD) for evaluating geometric consistency.

• Boundary Edge Ratio (BER): This metric, defined as BER(M) = E∂M
EM

, quantifies the integrity
of the mesh by calculating the proportion of its boundary edges (E∂M) to the total number of edges
(EM). Boundary edges are those connected to only one face, and a high BER value (typically
above 0.002 in our dataset, which consists mostly of closed meshes) suggests potential issues like
surface discontinuities, holes, or mesh damage. Ideally, a closed, manifold mesh should have a
BER of 0.

• Topology Score (TS): The Topology Score, TS(M) =
∑4
i=1 wisi(Q(M)), assesses the structural

quality of a mesh M by analyzing a derived quadrilateral mesh Q(M), obtained through standard
triangle-to-quad merging. The score is a weighted sum of four sub-metrics: Quad Ratio (w1 = 0.4),
which measures the efficiency of the conversion; Angle Quality (w2 = 0.2), quantifying the
deviation of quadrilateral angles from 90◦; Aspect Ratio (w3 = 0.3), evaluating the regularity of
quadrilateral shapes; and Adjacent Consistency (w4 = 0.1), encouraging uniform aspect ratios
between neighboring quadrilaterals. This quadrilateral-based evaluation is used because quad
meshes are preferred in industrial applications, making the quality of the quadrangulation a practical
indicator of the topological soundness of the original triangular mesh. Further details are in the
supplementary material A.3.

• Hausdorff Distance (HD): This standard metric measures the maximum distance from a point in
one set to the closest point in the other set. Here, it quantifies the geometric alignment between the
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reconstructed mesh Mi
P and the input point cloud P by measuring the maximum distance between

their respective point samples. A lower HD value indicates a better geometric reconstruction.

Preference Ranking. To construct the preference dataset, we generate pairwise comparisons
through exhaustive combinations of the eight candidate meshes for each input point cloud P , resulting
in a total of

(
8
2

)
= 28 pairs. For each pair (Mi

P ,M
j
P), we define a preference relation Mi

P ≻ Mj
P

if and only if Mi
P outperforms Mj

P across all three evaluation metrics:

BER(Mi
P) < BER(Mj

P) ∧
Mi

P ≻ Mj
P ⇐⇒ TS(Mi

P) > TS(Mj
P) ∧

HD(Mi
P) < HD(Mj

P)

(1)

We refer to Mi
P as the positive sample (denoted M+

P ) and Mj
P as the negative sample (denoted

M−
P ) for the pair. Using this rule, we construct a set of preference triplets of the form (P,M+

P ,M
−
P),

which constitutes our preference dataset for reinforcement learning with human feedback.

3.3 Mesh Generation Post-training

While our pre-trained model produces topologically valid meshes, two persistent challenges remain:
(1) localized geometric imperfections in high-curvature regions, and (2) inconsistent face density
distribution causing aesthetic artifacts. Although DeepMesh [23] adopts RLHF for mesh refinement,
its reward function is primarily based on global mesh structure, making it insufficient for fine-grained
control over local mesh quality. To address these limitations, we propose Masked Direct Preference
Optimization (M-DPO)—a spatially aware extension of DPO) [24]. M-DPO introduces quality
localization masks to guide learning toward problematic regions, enabling more targeted and effective
mesh refinement.

Quality-Aware Local Masking. The goal of local masking is to differentiate high-quality regions
of a mesh from those of lower quality. Given a triangular mesh M, we assess each triangle face
individually. A face is labeled as good if it satisfies the following two conditions: (1) it can be
successfully merged into a quadrilateral, and (2) the resulting quad has a quality score above a
predefined threshold. The quad quality is evaluated using a weighted combination of three metrics
introduced in Section 3.2: Angle Quality, Aspect Ratio, and Adjacent Consistency. For each triangle
face labeled as good, we assign a value of 1 to all corresponding token positions in the mesh sequence
(typically 9 tokens per face). Conversely, faces that do not meet the criteria are considered bad, and
their associated tokens are assigned a value of 0. We define the local masking function as ϕ, such that
ϕ(M) ∈ {0, 1}|M|, where |M| denotes the length of the token sequence representing mesh M.

Masked Direct Preference Optimization. Standard DPO tends to optimize global reward signals
uniformly across the entire mesh sequence, which can lead to over-smoothed results and the loss of
fine-grained geometric details. In contrast, our Masked Direct Preference Optimization (M-DPO)
addresses this limitation by applying element-wise importance weighting guided by local quality
masks, allowing the model to focus refinement specifically on low-quality regions. As illustrated
in Figure 3, we designate the pretrained model from the first stage as the reference model, denoted
as Gref := Gpre

θ , whose parameters are frozen during training. A trainable policy model Gψ is
then initialized with the parameters of Gpre

θ , and subsequently fine-tuned to better align with human
preferences by encouraging it to generate outputs closer to the positive examples in our preference
dataset. The objective of M-DPO is to maximize the likelihood of preferred (positive) samples over
less-preferred (negative) ones, with a focus on quality-critical regions identified via local masks:

LM-DPO(πψ;πref) = −E(P,M+
P ,M

−
P)∼D

[
log σ

(
βL+(P,M+

P)− βL−(P,M−
P)
)]

(2)
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Artist Mesh Point Cloud MeshAnythingv2 BPT DeepMesh Ours

Figure 5: Qualitative comparison on artist-designed meshes. Our method generates more coherent
and visually plausible surfaces with finer structural details and fewer topological artifacts compared
to baseline approaches.

where the positive and negative log-ratio terms are computed as:

L+(P,M+
P) = log

∥πψ(M+
P |P)⊙ ϕ(M+

P)∥1
∥πref(M+

P |P)⊙ ϕ(M+
P)∥1

L−(P,M−
P) = log

∥πψ(M−
P |P)⊙

(
1− ϕ(M−

P)
)
∥1

∥πref(M−
P |P)⊙

(
1− ϕ(M−

P)
)
∥1

(3)

Here, D denotes the preference dataset, and π is the token-level probability distribution produced by
the model. The operator ⊙ indicates element-wise (Hadamard) multiplication, and ∥·∥1 denotes the ℓ1
norm over the token sequence. The hyperparameter β controls the sharpness of preference separation,
and σ is the standard sigmoid function. M-DPO effectively preserves satisfactory regions while
actively refining low-quality areas identified by the local quality mask. This targeted optimization
strategy not only maintains the global structure but also enhances local geometric fidelity, offering a
finer control over mesh generation quality compared to standard DPO.

4 Experiments

4.1 Experiment Settings

Datasets Our model is pretrained on 2M meshes from large-scale datasets including
ShapeNetV2 [63], 3D-FUTURE [64], Objaverse [65], Objaverse-XL [66], and licensed assets. After
filtering low-quality scans and poorly topologized CAD models, 800K meshes form the fine-tuning
subset. For preference alignment, we construct a specialized dataset of 10,000 generated meshes,
each paired with 8 topological variations derived from the same input point cloud. To enhance
geometric generalization, meshes are perturbed at the vertex level and subsampled from an initial
50K-point cloud to 16,384 points, without enforcing watertightness. For evaluation, we employ two
test sets: (1) 100 high-quality, artist-designed meshes for qualitative analysis, and (2) 100 dense,
out-of-distribution meshes generated by Hunyuan2.5 [48], providing rigorous real-world validation.
More data details can be seen in Supplementary A.1.
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Dense Mesh Point Cloud MeshAnythingv2 BPT DeepMesh Ours

Figure 6: Generalization results on dense, out-of-distribution meshes. Our model demonstrates
superior geometric fidelity and surface continuity, maintaining high-quality reconstruction even under
complex and unseen input conditions.

Implementation Details We pretrained on 256 NVIDIA H20 GPUs (2/GPU) for 10 days with
AdamW [67] (β1 = 0.9, β2 = 0.99) and Flash Attention, following a 100-step linear warm-up.
M-DPO post-training took 8 hours on 64 GPUs with a 5e − 7 learning rate. See supplementary
material A.2 for full details.

Baselines. We benchmark our approach against leading mesh generation methods, including
MeshAnythingV2 [16], BPT [19], and DeepMesh [23]. Since DeepMesh only publicly provides
inference code and a 512M parameter version, we use this configuration for comparison.

4.2 Qualitative Results

We qualitatively compare our method with existing baselines. As shown in Figure 5, our model
produces meshes that are significantly more coherent, artistically plausible, and faithful to the input
geometry, particularly in challenging regions such as fine-grained structures and curved surfaces.
These results highlight our model’s ability to preserve detail and maintain topological regularity.
In contrast, baseline methods often exhibit structural artifacts such as incomplete regions, broken
connectivity, or excessive smoothing, especially in geometrically intricate areas. To further evaluate
generalization beyond the training distribution, we conduct experiments on a set of dense, high-
resolution meshes not seen during training. As illustrated in Figure 6, our method consistently
outperforms prior approaches in reconstructing complex geometry and maintaining surface continuity
under high-resolution inputs. These results demonstrate that our model not only performs well on
curated artistic data but also generalizes effectively to challenging, real-world examples.

4.3 Quantitative Results

Table 1 presents a quantitative comparison of our method against baselines on artist-designed
meshes and dense meshes derived from AI-generated representations.We report both geometric
and topological metrics, including Hausdorff Distance (HD), Topology Score (TS), and Boundary
Error Rate (BER). Our method consistently outperforms competing approaches across all metrics,
demonstrating superior geometric fidelity and topological coherence. To further validate perceptual
quality, we conducted a user study(US) in which participants were asked to compare mesh outputs
based on visual plausibility and structural integrity. The results indicate a strong preference for our
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Point Cloud DPO Mask DPO

Figure 7: The effectiveness of Mask DPO. The addition of Mask DPO enhances the visual fidelity
of the generated meshes, despite similar geometric performance across methods.

Table 1: Quantitative comparison with other baselines in Artist and Dense Meshes. Our approach
achieves superior performance in both geometric accuracy and visual fidelity compared to existing
baselines. DeepMesh∗ were tested using their 0.5 B version.

Data Type Artist Meshes Dense Meshes

Metrics CD ↓ HD ↓ TS ↑ BER ↓ US ↑ CD ↓ HD ↓ TS ↑ BER ↓ US ↑
MeshAnythingv2 [16] 0.2143 0.4197 68.3 0.0749 9% 0.2265 0.4760 72.0 0.0913 8%
BPT [19] 0.1275 0.2735 72.7 0.0280 20% 0.1615 0.3347 73.7 0.0113 18%
DeepMesh∗ [23] 0.1331 0.2866 74.9 0.0296 22% 0.1760 0.3570 75.8 0.0044 20%
Ours 0.0973 0.1826 77.5 0.0182 45% 0.1286 0.2411 79.4 0.0015 40%

method, confirming that its advantages are not only quantitatively measurable but also perceptually
significant.

4.4 Ablation Study

4.4.1 Score System

Table 2: Quantitative Evaluation of Score System and
Mask DPO Methods.

Method CD ↓ HD ↓ TS ↑ BER ↓ US ↑
Pretrain 0.1588 0.3196 76.5 0.0033 30%
N-DPO 0.1455 0.2919 75.7 0.0028 32%
S-DPO 0.1348 0.2625 77.9 0.0023 35%
M-DPO 0.1286 0.2411 79.4 0.0015 40%

We evaluate the efficacy of our score-based
preference system within the domain of
dense mesh generation. As demonstrated
in Table 2, employing only Hausdorff Dis-
tance to differentiate between high- and
low-quality meshes (denoted as N-DPO)
yields marginal improvements in geomet-
ric consistency over the pretrained model
(Pretrain) and exhibits a decrease in the TS
score. Conversely, leveraging our proposed composite scoring system (denoted as S-DPO) for the
construction of preference data facilitates a substantial performance gain.

4.4.2 Mask DPO

Figure 4 illustrates that standard global DPO often fails to capture local variations in mesh quality.
Our proposed topology-aware local mask mechanism effectively addresses this limitation by enabling
the model to learn from spatially localized preference signals. Built on the preference dataset derived
from our scoring system, the Mask-DPO model (denoted as M-DPO) demonstrates a clear advantage
over the global score-based DPO baseline (S-DPO), as shown in Figure 7. This localized learning
strategy leads to significant improvements in both quantitative metrics and human preference, as
confirmed in Table 2. Notably, M-DPO produces outputs that are not only closer to the ground
truth but also more consistently favored by human evaluators, providing strong empirical support for
localized preference learning.
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5 Conclusion

Generating high-quality 3D meshes remains a significant challenge. We introduced Mesh-RFT, a
novel framework employing topology-aware scoring and Masked Direct Preference Optimization
(M-DPO) for fine-grained refinement. By leveraging objective metrics and localized optimization,
Mesh-RFT advances the state-of-the-art in automated mesh generation. Our approach significantly
improves both the geometric accuracy and topological fidelity of generated meshes compared to
previous methods. This work offers a substantial step forward in creating production-ready 3D assets
for a wide range of applications. Limitations and future work are discussed in appendix C.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .

• [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",

• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We have clearly stated the claims made in the abstract and introduction,
accurately reflecting the paper’s contributions and scope.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: We have discussed the limitations of our work in the appendix, which include
the inability to generalize well to snake-like data due to the lack of such samples in the
training dataset.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: Our paper does not include theoretical results, and therefore, this question is
not applicable to our work.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
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Justification: We provide a detailed description of the model and experimental settings in
our paper, ensuring that readers have the necessary information to reproduce the main exper-
imental results. Additionally, we plan to release the code to further enhance reproducibility.
and facilitate verification of our results.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [No]
Justification: While we currently do not provide open access to the data and code, we plan
to release the code along with sufficient instructions to reproduce the main experimental
results after the paper has been accepted.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.
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• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We have provided all the necessary details regarding the training and testing
process, including data splits, network structure, hyperparameters, and the type of optimizer
used.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: We conducted our experiments and baseline experiments on the same training
and testing datasets to ensure a fair comparison.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
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Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We provided sufficient information on the computer resources needed to
reproduce the experiments in the implementation details section.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: Our research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: We discussed the social impact of this work in the introduction and conclusion
sections.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.
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• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: No such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We will release the code, data, and models publicly upon the acceptance of the
paper.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package

should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: We did not submit any new assets at the time of submission. However, we plan
to release well-documented code after the paper’s acceptance.

Guidelines:
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• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: Our research does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: Our research does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in our research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:
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• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/
LLM) for what should or should not be described.
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Appendix

A More Implementation Details

A.1 Data Details

Bad Good

Figure 8: Examples of Wiring Complexity in the Dataset. The dataset contains cases with high-
quality surface triangulations alongside instances where local regions exhibit lower quality.

After filtering low-quality scans and poorly topologized CAD models, our dataset size was reduced
from 2 million to approximately 800,000 samples, with an average face count of 5,000. The
distribution of face counts in this refined dataset is illustrated in Figure 9. Despite this initial filtering,
as demonstrated in Figure 8, the dataset still includes instances where local surface triangulation
quality is suboptimal. These instances are challenging to entirely eliminate due to the fact that even
within lower-quality cases, regions with good topology often exist.

A.2 More Training and Inference Details

Figure 9: Face Count Distribution in the Fine-tuning
Dataset. This figure presents the distribution of face
counts within our fine-tuning dataset, which comprises
approximately 800k samples with an average of 5k faces
per model.

Our model consists of 24 Transformer layers
(1.1B parameters) arranged in a three-stage hour-
glass structure(2-4-12-4-2). It features a hidden
dimension of 1536 and 16 attention heads. The
vocabulary size for vertex coordinate quantiza-
tion is 1024. The architecture supports a 36,864-
token context window during inference and gen-
erates meshes through temperature-controlled
sampling (T = 0.5), balancing output diversity
and stability. For the pretraining phase, we ini-
tially trained on 2M meshes for 6 days, followed
by an additional 4 days of training on a filtered
set of 800k meshes. A 5k-face mesh from the
preference dataset requires approximately 45k
tokens. Generating 80,000 meshes from 10,000
dense meshes took about 2 days, with process-
ing handled by 64 GPUs at a batch size of 8 per
GPU, resulting in a speed of around 40 tokens/s.
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In contrast, calculating the EDR, TS, HD, and local mask for each mesh was completed in under 1
hour on a single machine. Furthermore, we utilize ZeRO-2 to minimize GPU memory consumption.

A.3 Metrics Details

The Topology Score TS(M) provides a quantitative measure of the structural quality of a mesh M.
It is computed based on the properties of a derived quadrilateral mesh Q(M) and is defined as a
weighted linear combination of four sub-metrics:

TS(M) = w1 · s1(Q(M)) + w2 · s2(Q(M)) + w3 · s3(Q(M)) + w4 · s4(Q(M)) (4)

where the weights are empirically set to w1 = 0.4 (Quad Ratio), w2 = 0.2 (Angle Quality), w3 = 0.3

(Aspect Ratio), and w4 = 0.1 (Adjacent Consistency), satisfying
∑4
i=1 wi = 1. The sub-metrics are

formally defined as follows:

• Quad Ratio (s1): This metric assesses the efficiency of the triangle-to-quad conversion. Let FQ
be the set of quadrilateral faces and FT be the set of triangular faces in Q(M). The Quad Ratio is
given by:

s1(Q(M)) =
|FQ|

|FT |+ |FQ|
(5)

where | · | denotes the cardinality of the set.

• Angle Quality (s2): This metric quantifies the deviation of quadrilateral angles from the ideal 90◦.
For each quadrilateral q ∈ Q(M), let A(q) = {αq1, α

q
2, α

q
3, α

q
4} be the set of its internal angles.

The Angle Quality is defined as the average normalized deviation:

s2(Q(M)) = 1− 1

|Q(M)|
∑

q∈Q(M)

∑
α∈A(q) |α− 90◦|

360◦
(6)

• Aspect Ratio (s3): This metric evaluates the regularity of the quadrilateral shapes. For a quadrilat-
eral q ∈ Q(M) with side lengths lq,1, lq,2, lq,3, lq,4, the aspect ratio rq is defined as:

rq = max

(
max(lq,1, lq,3)

min(lq,1, lq,3)
,
max(lq,2, lq,4)

min(lq,2, lq,4)

)
(7)

An additional edge ratio eq for each quadrilateral is computed as the average of its side lengths
normalized by the maximum side length:

eq =
1

4

4∑
i=1

lq,i
max4j=1 lq,j

(8)

The Aspect Ratio sub-metric s3 is then a combination of these measures:

s3(Q(M)) = 0.5 ·

(
1

1
|Q(M)|

∑
q∈Q(M) rq

)
+ 0.5 ·

 1

|Q(M)|
∑

q∈Q(M)

eq

 (9)

• Adjacent Consistency (s4): This metric encourages smooth variations in the aspect ratios of
neighboring quadrilaterals. For a quadrilateral qi ∈ Q(M), let N (qi) be the set of its adjacent
quadrilaterals, and let rqj be the aspect ratio of a neighboring quadrilateral qj ∈ N (qi) (calculated
as in Equation 7). The average aspect ratio difference for qi is:

dqi =
1

|N (qi)|
∑

qj∈N (qi)

|rqi − rqj | (10)

The Adjacent Consistency sub-metric s4 is then defined as the average of a consistency score based
on this difference over all quadrilaterals:

s4(Q(M)) =
1

|Q(M)|
∑

q∈Q(M)

1

1 + dq
(11)
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B More Results

We present further comparative results in Figure 10 and Figure 11, respectively. MeshAny-
thingV2 [16], due to its Adjacent tokenizer, frequently exhibits line-shaped discontinuities. BPT [19],
employing a block patch-based tokenizer, is prone to generating patch-level holes. DeepMesh [23]
512M version demonstrates significant instability. While exhibiting better topological visual quality,
likely due to the use of truncated training and global-reward DPO, it generates excessively dense
meshes lacking the adaptive tessellation characteristic of artist-designed meshes. Our method, which
incorporates M-DPO, achieves superior visual quality and mesh tessellation.

Artist Mesh Point Cloud MeshAnythingv2 BPT DeepMesh Ours

Figure 10: Comparative Results for Mesh-RFT and Baseline Methods on Artist-Designed Meshes.

Dense Mesh Point Cloud MeshAnythingv2 BPT DeepMesh Ours

Figure 11: Comparative Results for Mesh-RFT and Baseline Methods on AI-Generated Dense Meshes.
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C Limitations and Future Work

Computational Efficiency While Mesh-RFT demonstrates significant advancements in mesh
generation, its computational efficiency warrants further investigation. Exploring engineering opti-
mizations, potentially drawing inspiration from efficient inference techniques such as vLLM [68]
employed in large language models, could lead to substantial accelerations.

Topological Correctness in Complex Geometries Ensuring robust topological correctness, partic-
ularly for intricate object geometries, necessitates continued research. As depicted in Figure 12, our
model can exhibit topological defects such as holes in complex geometric scenarios. This may stem
from limitations in the representational capacity of the point cloud encoder to capture fine-grained
details within these complex structures. Future directions could involve leveraging more powerful,
pre-trained point cloud encoders, increasing the number of tokens utilized, and scaling the decoder
parameters to enhance the model’s ability to discern intricate geometric features.

Conditioning Modality As illustrated in Figure 12, dense meshes generated by Hunyuan2.0 [48]
can sometimes exhibit a loss of fine details. Furthermore, conditioning on point clouds sampled from
watertight dense meshes may exacerbate this information loss. Future work could explore alternative
conditioning strategies, potentially bypassing the intermediate dense mesh representation and directly
generating artist-quality meshes from image inputs (image-to-mesh generation).

Topology Reward Refinement The current reward function is relatively basic. Future research
could focus on exploring more generalized and sophisticated topology rewards, as well as integrating
real-time, state-of-the-art reinforcement learning strategies [69, 70].

Addressing these limitations will be crucial for broadening the applicability and enhancing the
robustness of Mesh-RFT across a wider range of diverse and challenging 3D modeling tasks.

Dense Mesh Point CloudImage

Ours

Figure 12: Limitations of Mesh-RFT. Examples showcasing potential topological defects (holes) in
complex geometries and loss of fine details in generated meshes.
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