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Abstract

High-fidelity 3D meshes can be tokenized into one-dimension
(1D) sequences and directly modeled using autoregressive
approaches for faces and vertices. However, existing meth-
ods suffer from insufficient resource utilization, resulting in
slow inference and the ability to handle only small-scale
sequences, which severely constrains the expressible struc-
tural details. We introduce the Latent Autoregressive Net-
work (LANE), which incorporates compact autoregressive
dependencies in the generation process, achieving a 6× im-
provement in maximum generatable sequence length com-
pared to existing methods. To further accelerate inference,
we propose the Adaptive Computation Graph Reconfigura-
tion (AdaGraph) strategy, which effectively overcomes the
efficiency bottleneck of traditional serial inference through
spatiotemporal decoupling in the generation process. Exper-
imental validation demonstrates that LANE achieves supe-
rior performance across generation speed, structural detail,
and geometric consistency, providing an effective solution for
high-quality 3D mesh generation.

1 Introduction
Automatic generation of high-quality 3D meshes is a core
task in 3D vision (Sinha et al. 2025). With the rapid devel-
opment of virtual reality, digital twins, and metaverse appli-
cations, there is growing demand for large-scale, accurate,
and topologically 3D content generation (Pan et al. 2025;
Melnik et al. 2025; Kurai et al. 2025). This makes automatic
3D mesh generation technology practically significant.

In recent years, Large Reconstruction Models (Hong et al.
2023) have enabled large-scale 3D reconstruction by pre-
dicting Gaussian splatting. However, the resulting point
cloud representations lack topological connectivity, limiting
their use in downstream applications. Researchers have thus
extended this paradigm to generate 3D meshes with topo-
logical structure (Xu et al. 2024; Wu et al. 2024b; Li et al.
2025b). Yet Gaussian splatting-based mesh generation suf-
fers from coarse geometric details and poor topological ac-
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Figure 1: Performance comparisons of EdgeRunner (Tang
et al. 2024b), MeshAnythingV2 (Chen et al. 2024b),
TreeMeshGPT (Lionar, Liang, and Lee 2025), and HiFi-
Mesh (Ours) on Chamferi Distance ↓, Inference Speed ↑,
and Maximum Generatable Sequence Length ↑.

curacy due to fundamental differences between volumetric
representations and discrete mesh structures, causing preci-
sion loss during conversion. Subsequent research has shifted
toward directly learning Signed Distance Field (SDF) mesh
representations (Zhang et al. 2024; Lai et al. 2025; Wu et al.
2025). However, SDF methods still lose discrete face index
information, resulting in poor topological structure with ar-
tifacts such as over-smoothing and surface irregularities.

To address this challenge, recent research focuses on to-
kenizing 3D meshes into 1D sequences, using autoregres-
sive models to generate them for direct modeling of mesh
vertices and faces, thereby preserving topological informa-
tion (Weng et al. 2024). MeshXL (Chen et al. 2024a) di-
rectly flattens vertices but results in an inefficient represen-
tation, reaching sequence lengths of 3vf (f : faces, v: ver-
tices per face). MeshAnythingV2 (Chen et al. 2024c) intro-
duced Adjacent Mesh Tokenization, compressing sequence
representation and extending to arbitrary object generation.
Although subsequent algorithms have continued to improve
upon these foundations, two critical bottlenecks persist.

First, sequence compression algorithms have compres-
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Figure 2: Visual Comparisons between TreeMeshGPT (Lionar, Liang, and Lee 2025) and HiFi-Mesh (Ours). A mesh can be
tokenized into a 1D topological sequence. #Token represents sequence length with the density of vertices and faces proportional
to it. X Tok/s denotes the inference speed of sequence token. HiFi-Mesh enables detail-rich mesh generation with faster speed.

sion rate limits, and representation of high-fidelity meshes
requires sequences on the order of hundreds of thousands.
However, constrained by the computational overhead of au-
toregressive models, current methods are still limited to a
maximum generatable length of 50, 000 tokens (Tang et al.
2024b). This bottleneck restricts the structural detail of gen-
erated meshes. Second, autoregressive model inference must
follow strict forward recursive generation from the sequence
beginning (Siddiqui et al. 2024). This serialized mechanism
significantly constrains inference efficiency. To alleviate this
bottleneck, existing methods truncate the context directly,
retaining only a limited-length historical sequence as the in-
ference prefix. However, such operations result in substan-
tial information loss, causing significant performance degra-
dation in later stages of long sequence inference.

To address these challenges, we propose HiFi-Mesh for
efficient generation of detail-rich 3D meshes, which com-
prises a Latent Autoregressive Network (LANE) model and
Adaptive Computation Graph Reconfiguration (AdaGraph)
strategy. The core of the LANE lies in partitioning topolog-
ical sequences into multiple structural units and introducing
sequence semantic reconstruction to build corresponding la-
tent space representations from point cloud as autoregres-
sive dependencies, while ensuring coherence and compact-
ness of structural information. First, the model performs au-
toregressive generation following subsequence order, with
each step depending only on current and preceding latent
spaces, reducing long-sequence dependencies. Second, to
enhance local modeling capability, we introduce learnable
query tokens as structural queriers that dynamically perceive
key features in latent spaces, achieving sequential alignment
and detail restoration. This design reduces computational
overhead while effectively improving maximum generatable
length and expressible structural details.

To further enhance inference efficiency, we propose Ada-
Graph strategy. This strategy leverages the autoregressive
dependencies introduced by LANE to achieve spatiotem-
poral decoupling in generation process. Specifically, Ada-
Graph first exploits the compactness of latent space repre-
sentations for rapid hierarchical construction. Subsequently,
it decomposes serial inference into multiple independent
pathways, where each pathway dynamically reconstructs
dedicated computational subgraphs based on target sub-
sequences and selectively activates corresponding latent
spaces for parallel generation. Compared to previous meth-
ods, AdaGraph maintains complete contextual information,
avoiding performance degradation while achieving approx-
imately 300% speed improvement. Figures 1 and 2 shows
performance and visual comparisons, respectively.

Our contributions are as follows:
• We propose HiFi-Mesh, which incorporates compact au-

toregressive dependencies in sequence generation to en-
able rapid generation of detail-rich 3D meshes.

• LANE and AdaGraph are introduced to enhance maxi-
mum generatable sequence length and enable parallel in-
ference, respectively.

• Compared to existing methods, HiFi-Mesh demonstrates
superior performance in generation speed, structural de-
tail, and geometric consistency with point clouds, provid-
ing valuable insights for addressing such challenges.

2 Related Work
2.1 3D Generation
Traditional rule-based modeling techniques (Wu et al.
2024a) have gradually been replaced by diverse learned rep-
resentations, including voxel generation (Zhao et al. 2025b;
Chen et al. 2025), implicit function encoding (Lim and Lee
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Figure 3: The illustration of our proposed method. During training, the purpose of LANE model (left) uniformly divides the
topological sequence into M subsequences for sequential generation. The model takes point cloud P and sequence length
L as inputs, employing a Latent Space Extractor and Autoregressive Block for sequence semantic reconstruction to build
hierarchical latent space representations {scm}m∈[1,M ] as compact autoregressive dependencies. Subsequently, K LANE
Blocks serve as generation components, utilizing Learnable Queries Q as latent space queriers. Guided by subsequence in-
dex I = {m}m∈[1,M ]), each step generates the mth subsequence ŝm from the only first m latent spaces. During inference,
the AdaGraph strategy (right) rapidly generates hierarchical latent space representations {scm}m∈[1,M ] and instantiates M
independent pathways {lkm}m∈[1,M ] composed of LANE Blocks. Each pathway dynamically reconstructs a dedicated compu-
tational subgraph based on the target subsequence and selectively activates corresponding latent spaces, enabling fast parallel
generation. Finally, mesh generation is completed through subsequence concatenation and detokenization operations.

2024; Di et al. 2025), and direct mesh construction methods
(Zhou et al. 2024; Wu et al. 2024c). Regarding model ar-
chitectures, Generative Adversarial Networks (Wang, Lan,
and Li 2024) are giving way to diffusion models (Li et al.
2025c,a) and specialized end-to-end frameworks (Tang et al.
2024a), which exhibit superior capabilities in generating
3D assets. These advancements provide a more efficient
methodological foundation for 3D content creation.

2.2 3D Mesh Generation
Meshes precisely describe object surface geometry (Liu
et al. 2024). Early research used Gaussian splatting to pre-
dict 3D meshes from 2D images (Hu et al. 2025; Huang et al.
2025), but 2D images lack depth and geometric details, cre-
ating an information bottleneck. To address this, researchers
generate SDF mesh representations directly (Zhang et al.
2023; Hunyuan3D et al. 2025; Xiang et al. 2025). While
these methods reduce information loss, their reliance on
fixed thresholds causes geometric discontinuities. Recent
studies tokenize 3D meshes into 1D sequences, using autore-
gressive models to directly model mesh vertices and faces.
Methods like VAT and MeshAnything use VQVAE for tok-
enization (Zhang, Xiong, and Xu 2024; Chen et al. 2024b),
but suffer from over-compression and significant geomet-
ric detail loss. Alternatively, MeshArt and Mesh-RFT di-
rectly tokenize meshes into topological sequences with spe-
cific ordering (Gao et al. 2025; Liu et al. 2025), preserving
complete geometric and topological information. However,

while achieving high information fidelity, the massive se-
quence scale for detail-rich meshes creates prohibitive com-
putational overhead for autoregressive models.

2.3 Autoregressive Mesh Generation
When processing detail-rich meshes, significant computa-
tional efficiency challenges arise. While BPT and EdgeRun-
ner reduced sequence lengths through improved tokeniza-
tion (Weng et al. 2025; Tang et al. 2024b), these meshes
still require hundreds of thousands of tokens, exceeding cur-
rent computational limits. Meshtron (Hao et al. 2024) ad-
dressed this with sequence fragment-based adjacency struc-
ture prediction. Although this significantly increased the
scale of generatable meshes, it further reduced inference
speed, which was already constrained by forward recur-
sive generation mechanisms, showing approximately 30%
slower compared to TreeMeshGPT (Lionar, Liang, and Lee
2025). In this work, we propose a novel framework that re-
duces computational overhead to handle longer sequences.
Crucially, we further overcome inference bottlenecks, en-
abling rapid generation of detail-rich 3D meshes.

3 Method
3.1 Latent Autoregressive Network
The Latent Autoregressive Network (LANE) model (Fig-
ure 3, left) uniformly splits the topological sequence S into
M consecutive subsequences {sm}m∈[1,M ] and performs
sequential generation conditioned on subsequence indexes
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I = {m}m∈[1,M ], sequence length L, and point cloud P .
The core principle of model is to accurately reconstruct local
geometric structures into corresponding latent spaces while
ensuring structural coherence. The model then uses compact
latent space representations to replace the long historical
token sequences required for prediction, thereby reducing
computational cost, improving structural detail expressive-
ness. Specifically, the model consists of three components:
Latent Space Extractor, Autoregressive Block, LANE block.

Latent Space Extractor. The Latent Space Extractor em-
ploys a Point Cloud Encoder to extract highly compact
structural features from high-resolution input point clouds
P , then reconstructs fine-grained features through learnable
Upsample modules that gradually decode the compressed in-
formation. Compared to previous methods, our input point
clouds have 16 times higher resolution, containing richer
geometric details that establish a foundation for enhanced
structural detail expressiveness. Specifically, we perform
four random samplings, {Xi}i∈[1,4], from the input mesh
surface, containing {Ni}i∈[1,4] points respectively, where
Xi ∈ RNi×3, and N2 < N3 < N4 < N1. X1 serves as the
input point cloud P and is encoded into a latent code by the
Point Cloud Encoder built from cross-attention, using X2

as query. Subsequently, X3 and X4 act as queries in cross-
attention-based Upsample modules to progressively obtain a
more refined latent code Z.

Additionally, this Extractor includes a Latent Space Con-
structor that first initializes corresponding latent spaces in
subsequence order, then leverages the sequence length L
to guide the latent spaces in accurately partitioning subse-
quence structure boundaries in the latent code, achieving
precise extraction and encoding of target features. The con-
struction process of mth latent space is defined as:

scem = CrossAttn([scinitm ;Le], Z), (1)

where, CrossAttn(·, ·) denotes the cross-attention layer
with the left side as Query. scinitm represents the mth initial-
ized latent space, where m ∈ [1,M ]. Le and Z denote the
embedding of sequence length L and the latent code recon-
structed by the Upsample modules, respectively. [ ; ; ] indi-
cates vertical concatenation of multiple information sources.
Detailed designs are presented in technical appendix.

Autoregressive Block. The core of this component is to
transform the encoded latent spaces {scem}m∈[1,M ] into
hierarchical latent space representations {scm}m∈[1,M ] to
capture dependencies between subsequences and maintain
global consistency of topological structure. Specifically, this
component utilizes an autoregressive mechanism to sequen-
tially process {scem}m∈[1,M ] generated by the Latent Space
Extractor, thereby constructing {scm}m∈[1,M ] that reflects
the hierarchical nature of the overall topological structure.
This representation preserves local detail information while
ensuring global coherence, providing a high-quality feature
representation foundation for subsequent sequence genera-
tion tasks. Its expression is as follows:

[sc1; sc2; ...; scM ] = CausalAttn([sce1; sc
e
2; ...; sc

e
M ]),

(2)

where, CausalAttn(·) represents the causal attention mech-
anism in autoregressive models, [ ; ... ; ] denotes vertical con-
catenation of multiple information sources.

LANE Block. The LANE Block, denoted as Eblock, aims
to sequentially generate subsequences from the constructed
hierarchical latent space representations {scm}m∈[1,M ].
Specifically, learnable query tokens Q are introduced as
queriers. When generating the mth subsequence, coher-
ent structural features are extracted from the latent spaces
{sc1, sc2, . . . , scm−1} corresponding to preceding subse-
quences, thereby eliminating dependence on long histori-
cal token sequences. Subsequently, with the aid of subse-
quence index I , Q further perceives structural details from
the current corresponding latent space {scm}, enhancing lo-
cal modeling capability. The interaction can be defined as:

Vout = Eblock({sc1, sc2, . . . , scm}, Iem, Q) (3)

where, Iem represents the embedding of subsequence index
when I takes the value m. The forward pass of Eblock is illus-
trated in Figure 3, where the specific design and definition
of LANE-Attn to utilize {scm}m∈[1,M ] will be presented in
technical appendix. This block is repeated K times.

Loss Function. LANE model, denoted as E , employs
cross-entropy loss to predict mth subsequence tokens:

Lce = CrossEntropy(ŝm, sm),

ŝm = E(P,L, I = m),
(4)

where ŝm and sm denotes the predicted classification logits
subsequence and the ground truth subsequence, respectively.

3.2 Adaptive Computation Graph Reconfiguration
The AdaGraph strategy (Figure 3, right), leverages the
compact autoregressive dependencies introduced by LANE
model to achieve spatiotemporal decoupling in generation
process, thereby further improving inference speed. Specif-
ically, this strategy comprises two core stages: Hierarchical
Latent Space Construction and Subgraph Reconstruction.

Hierarchical Latent Space Construction. Using the La-
tent Space Extractor and Autoregressive Block, the hierar-
chical latent space representations are rapidly constructed
from the input point cloud P under the guidance of sequence
length L. This process is denoted as T and defined as:

[sc1; sc2; ...; scM ] = T (P,L). (5)

This process follows the definitions in Equations 1 and 2.

Subgraph Reconstruction. LANE internally instantiates
M independent pathways {lkm}m∈[1,M ], with each path-
way responsible for generating specific subsequences. Each
pathway dynamically reconstructs its dedicated computa-
tional subgraph and selectively activates corresponding la-
tent spaces, achieving spatiotemporal decoupling in the gen-
eration process. This strategy employs batch processing to
coordinate multi-pathway collaboration, leveraging the ad-
vantages of modern parallel computing architectures to en-
able efficient parallel generation, significantly improving
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Methods/Metrics

Generation Metric Efficiency Metric
Chamfer ↓ Normal ↓ Point-to-Mesh MOS ↑ Length ↑ Inference ↑

(×10−1) (×10−1)
Mean ↓ Hausorff ↓

% #Token Tok/s
(×10−2)

TreeMeshGPT (Lionar, Liang, and Lee 2025) 3.413 2.001 3.242 8.253 5.26 30,000 78.4
MeshAnythingV2 (Chen et al. 2024b) 0.501 4.951 2.631 6.374 3.72 10,083 67.3
EdgeRunner (Tang et al. 2024b) 0.532 6.339 0.921 3.764 9.31 49,406 52.8
HiFi-Mesh (Ours) 0.075 3.621 0.638 2.251 81.17 300,000 302.1

Table 1: Quantitative comparisons on seven metrics. Bold and underlined indicate the best and second-best performance, re-
spectively. Despite minor Normal Consistency metric limitations, HiFi-Mesh excels in mesh consistency and inference speed.
User studies confirm the aesthetic and detailed quality of generated meshes. Around 300% boost in inference speed enables
processing 6× longer sequences, achieving high-fidelity 3D mesh generation. All test results are obtained using a single H20.

overall inference speed. This process is represented as:

Ŝ = [ŝ1; ...; ŝm; ...; ˆsM ],

ŝm = lkm({sc1, sc2, ..., scm}, I = m,Q),
(6)

where each pathway consists of K LANE Blocks, and the
generation process follows Equation 3. Finally, by con-
catenating all predicted classification logic subsequences
{ŝm}m∈[1,M ] and performing detokenization operation on
Ŝ, the 3D mesh is generated.

4 Experiment
4.1 Implementation
Training Details. The experiments are implemented us-
ing PyTorch, conducted on 8 NVIDIA H20 GPUs. We em-
ploy the Adam optimizer and optimize for six weeks, with a
learning rate decay from 1e-4 to 1e-6. Flash Attention (Shah
et al. 2024) is integrated to optimize computation. All the re-
sults are tested on a single H20 GPU. Model training utilize
the Objaverse dataset (Deitke et al. 2023; Tang et al. 2024a).

Tokenization Algorithm. This paper leverages tokeniza-
tion algorithm of EdgeRunner (Tang et al. 2024b) for au-
toregressive model compatibility, optimizing the balance be-
tween geometric fidelity and compression ratio. The topo-
logical sequence labeling is constructed by quantizing coor-
dinate outputs into 512 discrete categories.

4.2 Comparisons
Three algorithms are selected as comparions: MeshAny-
thingV2 (Chen et al. 2024b), EdgeRunner (Tang et al.
2024b), and TreeMeshGPT (Lionar, Liang, and Lee 2025).
Four generative metrics are employed to evaluate mesh gen-
eration quality: Chamfer Distance (CD), Normal Consis-
tency (NC), Point-to-Mesh Distance (PMD), and MOS. Two
efficiency metrics are used to assess model efficiency: Max-
imum Generateble Sequence Length (ML), and Inference
Speed (IS). CD evaluates spatial proximity between recon-
structed and original mesh. NC assesses the consistency of
normal vectors between adjacent faces. PMD measures the
distance from points in the point cloud to the reconstructed
mesh surface, evaluated from both Mean distance and Haus-
dorff distance perspectives. MOS reflects the proportion of

participants favoring a specific model. To collect objective
evaluations, ten users are recruited for the assessment task.
Length indicates the maximum sequence length that the
model can generate. Inference represents the number of to-
ken that can be generated per second. The generative metrics
are implemented by the PyTorch3D (Ravi et al. 2020).

Quantitative Comparisons. The complete comparison
results are shown in Table 1. In terms of generation quality,
except for a slight deficiency in Normal Consistency, HiFi-
Mesh demonstrates superior performance in mesh consis-
tency and robustness (Chamfer Distance and Point-to-Mesh
Distance). User preference studies further validate the aes-
thetic value and expressible structural detail of our gener-
ated meshes. Regarding efficiency of resource utilization,
we enable a 6× increase in maximum generatable sequence
length and further leverage the AdaGraph strategy to achieve
a 300% improvement approximately in inference speed, al-
lowing rapid generation of detail-rich 3D meshes.

Qualitative Comparisons. Figure 4 shows visual compar-
isons between HiFi-Mesh and three baseline methods (Li-
onar, Liang, and Lee 2025; Tang et al. 2024b; Chen et al.
2024b). Sequence generation scale directly affects mesh re-
construction capability. MeshAnythingV2 suffers from se-
vere limitations in maximum generatable sequence scale,
leading to most significant structural information loss. While
EdgeRunner shows theoretical improvements in generation
length, it still exhibits a strong preference for small-scale
sequences in practical applications. TreeMeshGPT achieves
relatively balanced performance and can generate larger se-
quences, resulting in some improvement in mesh details.
However, the maximum sequence generation capabilities of
these three methods remain insufficient to fully capture the
geometric features of complex surfaces, limiting mesh struc-
tural detail expressiveness and generation stability. In con-
trast, HiFi-Mesh significantly increases the upper limit of se-
quence generation scale, enabling the model to more effec-
tively learn and preserve surface detail information, thereby
achieving stable generation of detail-rich 3D meshes.

Functional Presentation. As shown in Figure 5, intro-
ducing surface damage to input meshes during training not
only enhances model robustness but also enables HiFi-Mesh
to perform mesh repair tasks: sampling point clouds from
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#Token = 213672#Token = 3891#Token = 8726#Token = 28923

#Token = 243785#Token = 8792#Token = 15751#Token = 5660

#Token = 154792#Token = 5476#Token = 8079#Token = 20118

#Token = 87226#Token = 1428#Token = 7483#Token = 18735

#Token = 267463#Token = 6872#Token = 8221#Token = 10298

#Token = 70793#Token = 1998#Token = 8580#Token = 8483

TreeMeshGPT: 78.4 Token/s EdgeRunner: 52.8 Token/s MeshAnythingV2: 67.3 Token/s HiFi-Mesh: 302.1 Token/s

Figure 4: Qualitative comparisons between TreeMeshGPT (Lionar, Liang, and Lee 2025), EdgeRunner (Tang et al. 2024b), Me-
shAnythingV2 (Chen et al. 2024b) and HiFi-Mesh (Ours). MeshAnythingV2 exhibits limitations in maximum sequence scale,
causing most significant structural information loss. EdgeRunner shows theoretical improvements but maintains preference
for small-scale sequences. TreeMeshGPT achieves some improvement in detail modeling but still suffers from insufficient se-
quence generation capability. Finally, HiFi-Mesh enables superior preservation of details and generation of detail-rich meshes.

defective meshes and then reconstructing detailed, high-
quality meshes. Additionally, by incorporating the sequence
length L as a control parameter, HiFi-Mesh achieves length
control over the generation process.

4.3 Ablation Study
Components Effectiveness. As shown in Figure 6. (w/o)
{scm}[1,M ] denotes the directly use of global geometric fea-
tures extracted by the Point Cloud Encoder to generate target
subsequences without constructing hierarchical latent space

representations in HiFi-Mesh. Experimental results show
that the absence of coherent prior structural features and lo-
cal detail information provided by latent spaces leads to lo-
cal topological breaks, geometric integrity loss, and inability
to express detailed structures in the generated results.

Table 2 quantifies the importance of hierarchical latent
space representations and AdaGraph strategy. Hierarchical
latent spaces effectively capture local detail features while
maintaining global geometric coherence, significantly im-
proving the generation performance of the model. Addition-
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Input Point Cloud EdgeRunner (#Token = 4.9K) HiFi-Mesh (#Token = 67K/109K)

Figure 5: Functional presentation. Point clouds are sampled from imperfect meshes. HiFi-Mesh generates meshes with rich
details guided by different sequence lengths, while EdgeRunner (Tang et al. 2024b) faces local topological breaks.

#Token = 143422#Token = 128943

Input w/o {scm}[1,M] HiFi-Mesh (Ours)

Figure 6: Ablation study. (w/o) {scm}[1,M ] represents with-
out constructing hierarchical latent space representations in
HiFi-Mesh. It leads to local topological breaks, geometric
integrity loss, and inability to express detailed structures.

{scm}[1,M]
Chamfer↓ Normal↓ AdaGraph Inference↑

(10−1) (10−1) Tok/s
✗ 1.291 6.339 ✗ 121.7
✓ 0.157 1.972 ✓ 302.1

Table 2: Ablation study. {scm}[1,M ] represents the con-
struction of hierarchical latent space representations in our
method HiFi-Mesh. The hierarchical latent spaces provide
compact autoregressive dependencies, significantly improv-
ing the generative performance of HiFi-Mesh. Additionally,
the AdaGraph strategy is introduced to further achieve ap-
proximately 3× inference acceleration.

ally, the AdaGraph strategy leverages modern parallel com-
puting architectures to further achieve approximately 3× in-
ference acceleration. Together, they validate the dual advan-
tages of the proposed method in both efficiency and quality.
More experiments are presented in technical appendix.

Resource Consumption. Figure 7 presents a comparative
analysis of resource consumption between HiFi-Mesh and
traditional prediction methods of leveraging long histori-
cal sequence during training. The experiment uses a batch
size of 4, with EdgeRunner (Tang et al. 2024b) as the tra-
ditional baseline, evaluating computational complexity and
memory consumption of both approaches across different
maximum generatable sequence lengths. Results show that
HiFi-Mesh does not demonstrate efficiency advantages over
EdgeRunner for short sequences, primarily due to additional
computational overhead from constructing hierarchical la-
tent space representations. However, when maximum se-
quence length exceeds 5, 000, HiFi-Mesh begins showing
significant efficiency advantages that become increasingly
pronounced with longer sequences, validating superior effi-
ciency of HiFi-Mesh in long sequence processing tasks.

EdgeRunner (Memory)

HiFi-Mesh (Memory)

EdgeRunner (Complexity)

HiFi-Mesh (Complexity)

20

30

40

50

60

70

80

20

40

60

80

300K200K100K50K20K10K5K2K1K
Maximum Generatable Sequence Length

M
em

or
y

C
on

su
m

pt
io

n
(G

B
)

C
om

pu
ta

tio
na

lC
om

pl
ex

ity
(T

FL
O

PS
)

Figure 7: Memory consumption and computational com-
plexity for varying maximum generatable sequence lengths.
HiFi-Mesh demonstrates gains when length exceeds 5K,
highlighting superior efficiency for sequence processing.

5 Conclusion

This paper proposes HiFi-Mesh, a method for rapidly gen-
erating detail-rich 3D meshes. The approach leverages com-
pact coherent structural representations and local detail in-
formation in latent spaces as autoregressive dependencies,
effectively reducing reliance on long historical token se-
quences and significantly lowering computational overhead.
This improvement enables longer maximum generatable se-
quences, achieving higher structural details. Additionally,
we introduce the AdaGraph strategy, which decouples the
generation process spatiotemporally into multiple parallel
sub-sequences, substantially improving inference speed. Ex-
perimental results demonstrate that HiFi-Mesh achieves su-
perior performance in generation speed, structural details,
and geometric consistency with input point clouds. This
provides an insightful solution to long sequence generation
problems and marks an important step toward automatically
generating artist-friendly 3D meshes.
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