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Abstract

Triangle meshes provide explicit and accurate surface geometry, yet their irregu-
lar topology connectivity makes 3D mesh tokenization a geometric sampling prob-
lem: how to sample and organize geometric evidence into compact, structured and
learnable tokens. Beyond field-centric volumetric sampling and edge-intersection
surface sampling, we retarget mesh tokenization as local surface evidence sam-
pling: identifying the minimal geometric evidence inside each active voxel that is
sufficient for deterministic surface recovery. To this end, we introduce P2Voxel,
a pyramid pivot voxelization framework for compact and reconstruction-aware
mesh tokenization. P2Voxel is built on three key innovations. Under the Lo-
cal Planarity assumption, Pivot Voxelization represents each active voxel with a
surface pivot and an orientation sign, providing minimal local evidence that can
induce the corner values required for deterministic reconstruction. Under the Spa-
tial Complexity assumption, Pyramid Pivot Voxelization exploits the spatial non-
uniformity of real surfaces by allocating finer pivot tokens to geometrically com-
plex regions while keeping smooth regions coarse and compact. Under the Block
Reconstructability assumption, a Pyramid VAE learns compact multi-resolution
latent codes over locally reconstructable pivot blocks, avoiding the need to model
the entire high-resolution voxelized shape as a dense global field. Together, these
designs convert meshes into compact, structured, and learnable pyramid pivot to-
kens, enabling efficient mesh reconstruction for downstream 3D tasks. Project
page are released at here.

1 Introduction

Triangle meshes are the standard representation for 3D surfaces in graphics and geometry process-
ing [IL, 2 3], as they provide explicit and editable geometry for rendering, simulation, and down-
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stream manipulation [4} 5, 6]. Yet their irregular connectivity makes them poorly suited as direct
inputs or targets for modern 3D representation learning and generative models [7, 8, 9], which favor
compact, structured, and learnable tokens. This leads to the problem of 3D mesh tokenization: rep-
resenting a complex surface by a finite set of geometric units that can be compressed, predicted, or
generated. Rather than viewing tokenization as merely discretizing a shape, we view it as a problem
of selecting the geometric evidence that should be preserved. Voxelization offers a natural spatial
organization for such evidence by assigning local surface information to grid cells. The central
challenge is therefore to design cell-wise tokens that are compact and regular, while still containing
sufficient local surface evidence for deterministic high-quality mesh reconstruction.

Existing mesh tokenization methods can be viewed through the type of geometric evidence they pre-
serve, including occupancy values [[L0], point samples [[11]], implicit fields [[12} [13]], signed distance
fields (SDF) [14], and contouring constraints [15]. For deterministic mesh reconstruction, grid-
based SDFs and Dual Contouring represent two influential paradigms. Grid SDF methods [14}[16]
store signed distances on spatial grids and extract surfaces through isosurface reconstruction, termed
as field-centric volumetric sampling. Although this sampling produces regular tokens, it encodes a
two-dimensional surface indirectly through scalar samples in 3D space, requiring redundant storage
for near-surface points even in sparse variants [17, [18]. Dual Contouring [15] follows an edge-
intersection surface sampling paradigm, using edge crossings and Hermite normals as boundary-
level constraints or reconstruction rules that guide subsequent dual-vertex placement. However, from
a tokenization perspective, these edge-intersection samples are tied to sign-changing grid edges and
mainly provide reconstruction cues for dual-vertex estimation, rather than defining a fixed and com-
pact cell-wise token for the local surface patch itself. We therefore ask whether mesh tokenization
can move beyond volumetric field samples and edge-tied Hermite evidence, and instead represent
each active voxel by the minimal local surface evidence required for deterministic reconstruction.

Beyond field-centric volumetric sampling and edge-intersection surface sampling, we try to for-
mulate mesh tokenization as local surface evidence sampling: identifying the minimal geometric
evidence inside each active voxel that is sufficient for deterministic surface recovery. Our first ob-
servation is local planarity: at sufficiently high resolution, the surface patch inside a small active
voxel can be approximated by a local plane. This observation is closely aligned with Marching
Cubes [19} 20], where the surface topology and edge intersections within a voxel are determined by
the signed scalar values at its corner vertices. However, if the local surface patch is approximated
by a plane, these corner signs and distances can be derived from the plane geometry rather than
stored independently. This motivates our Pivot Voxelization, where each surface-intersecting voxel
is encoded by a pivot point on the surface and an orientation sign, which together define the local
plane and induce the corner values required by Sparse Marching Cubes. Our second observation
is spatial complexity: real surfaces are highly non-uniform, with smooth regions that can be repre-
sented coarsely and sharp features, thin structures, or high-curvature details that require finer spatial
support. This motivates Pyramid Pivot Voxelization, which keeps each pivot token simple while
adaptively allocating finer pivot voxels only to geometrically complex regions. Our third observation
is block reconstructability: mesh recovery does not require learning the entire high-resolution vox-
elized shape as one monolithic object, because each pyramid block contains sufficient local surface
evidence for deterministic reconstruction within its spatial extent. This motivates our Pyramid VAE,
which learns compact multi-resolution latent codes over pyramid pivot blocks instead of consuming
a dense global field. Together, these components form P2Voxel, a flexible framework that converts
meshes into compact, structured, and learnable pivot tokens for scalable 3D mesh reconstruction.

The main contributions of this paper are summarized as follows:

e We formulate mesh tokenization as local surface evidence sampling and propose Pivot Voxeliza-
tion, where a surface pivot and an orientation sign compactly represent the mesh.

e We introduce Pyramid Pivot Voxelization, which exploits spatial complexity by adaptively re-
fining geometrically complex regions while keeping each pivot token simple and reconstructible.

e We then propose a Pyramid VAE based on block reconstructability, learning compact multi-
resolution latent codes over locally pyramid pivot blocks for scalable mesh reconstruction.
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Figure 1: Geometry Sampling for Mesh Tokenization. (a) Meshes are explicit but irregular. (b)
Grid SDFs use field-centric volumetric sampling by storing signed distance values. (c) Dual Con-
touring uses edge-intersection surface sampling with edge crossings and Hermite constraints. (d)
Our Pivot Voxel uses local surface evidence sampling, with a pivot point and orientation sign.

2 Related Work

Explicit 3D Representations for Generation. Explicit representations, such as point clouds and
meshes, are naturally discrete, making them intuitive candidates for Transformer tokenization.
Point-based methods like Point-E [11]] and Shap-E [21] generate sparse point clouds efficiently,
but lack topological connectivity and often require post-processing such as Poisson reconstruction,
which may fail on thin structures or sharp edges. Direct mesh generation methods, such as Poly-
Gen [22] and MeshGPT [23]], predict vertices and faces directly, but the combinatorial complexity of
arbitrary mesh topology often limits them to specific categories or low-complexity shapes. Building
on MeshAnything [24]], MeshAnything V2 [25] introduces Adjacent Mesh Tokenization (AMT) to
reuse vertices across faces and shorten mesh sequences, while BPT [26] further improves scalability
through block-wise indexing and patch aggregation for higher-resolution mesh generation.

Implicit and Hybrid Representations. Implicit representations, such as Neural Radiance Fields
(NeRF) [12] and Signed Distance Fields (SDF) [[14], model geometry as continuous neural fields,
while set-based approaches such as VecSet [7] represent shapes as collections of surface elements.
Recent generative models like TRELLIS [8] and DORA [27]] further employ structured latent codes,
such as SLAT, to encode high-fidelity geometry. However, these methods usually rely on heavy
neural decoders, typically MLPs, to extract explicit surfaces, introducing inference latency and often
over-smoothing high-frequency details. Hybrid representations, such as FlexiCubes [28]] and Deep
Marching Tetrahedra (DMTet) [29], bridge implicit and explicit representations, but still require
extensive volumetric sampling beyond the actual surface to maintain field continuity.

Sparse and Explicit Representations. Sparse data structures, such as Octrees [[17] and Hash Grids
[18], are standard techniques for compressing voxel data. In geometry processing, Dual Contouring
(DC) [I15] allows for sharp feature preservation by storing a single vertex per active voxel. However,
maintaining valid topology in these frameworks often requires dense structural overhead. Notable
recent generative approaches, such as FaithC [30] and TRELLIS 2 [9]], achieve high fidelity but rely
on explicit edge-state encoding: they typically necessitate recording the intersection status across
all 12 edges of a voxel to fully resolve topological ambiguities. This requirement increases the
information density per token, diverting representational capacity toward structural bookkeeping.

3 Methodology

Problem Statement. Triangle meshes are standard in graphics and geometry processing for their
explicit and accurate surface description, but their irregular connectivity and non-uniform complex-
ity make them poorly suited for compact tokenization in representation learning. A central problem
in geometric representation learning is to convert a surface mesh M into a compact and structured
representation 7 that can be efficiently modeled while still allowing the accurate recovery of the
original geometry. An ideal representation should be (i) token-efficient with as few elements as pos-
sible, (ii) structured and easy to learn, and (iii) recoverable by standard geometric reconstruction
operators (e.g., Marching Cubes [19]). Formally, given a watertight mesh M, we seek a token set
T and a deterministic decoder D such that

M =D(T), 7| is minimized subject to M ~ M. (1
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Figure 2: Pivot Voxelization. We voxelize a watertight mesh M with voxel size h and represent
each active voxel by a pivot token {p, s}, where p is the pivot point and s = sgn(sdf(c)) indicates

the inside/outside orientation. An ideal plane S can evaluate vertex distances d for Sparse-MC.

V3 V2 Vertices
s = sgn(sdf(c)) 3. Vertices Distance: ds = (vs — p)'n
7’

To this end, we propose P2Voxel, a voxelization-based tokenization framework that converts a wa-
tertight mesh M into a compact and structured token set 7, while enabling accurate reconstruction
with standard geometry operators. P2Voxel contains three key components: Pivot Voxelization for
sampling local surface evidence within active voxels, Pyramid Pivot Voxelization for adaptive multi-
resolution token allocation, and a Pyramid VAE for learning compact latents over pivot blocks.

3.1 Pivot Voxelization

Assumption 1 (Local Planarity). At sufficiently high resolution, each surface-intersecting
voxel contains only a small local surface, which can be approximated by an ideal plane.

Sparse Marching Cubes (Sparse-MC) [19} 120l 31] reconstructs watertight surfaces by extracting the
zero-level set from signed distance values at the eight corners of surface-intersecting (active) voxels.
These corner values jointly encode the topology and geometry of the enclosed surface patch S. As
the voxelization resolution increases (i.e., h — 0), S becomes asymptotically locally planar. We
therefore adopt Assumption 1 (Local Planarity) and approximate the geometry within each active

voxel by an ideal plane S , which induces a consistent set of corner distances.

A plane in R? is uniquely determined by a point and a normal direction. Given the voxelization
prior, we encode each active voxel by a compact pivot token {p, s}, where p € R? is a pivot point
on the local surface patch and s € {—1,+1} is a binary inside/outside orientation cue. Concretely,
p is obtained by projecting the voxel center ¢ onto the mesh, i.e., the closest intersection point on
M, and s is given by the center SDF sign, s = sgn(sdf(c)).

Conversely, given {p, s} and voxel size h, we recover the voxel center ¢ by snapping p to its
containing voxel, then compute the oriented normal n and ideal plane S:

==+ ([®522] +05)h. @)
Then the oriented normal and the induced ideal plane are given by
c—p S 3 T
n=s————, S={xeR’|(x—p) ' n=0}. 3)
le—pl: e }

With (p, n), the eight voxel corners and their plane-induced signed distances are computed as:

vs=c+ (6 —0.5)h, 8 €{0,1}3 4)
and the signed distance at each corner is given by the plane SDF
ds = SDF(vs) = (vs —p) 'n. (5)

The eight samples {ds} provide the per-voxel corner SDF values. Since a grid vertex is shared
by neighboring voxels, independently predicted corner values may be inconsistent. We therefore
enforce a vertex-consistent scalar field by averaging predictions from incident active voxels €, :

1
D(v) = oM Z (v—pi) ', (6)
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Figure 3: Pyramid Pivot Voxelization. We compute a block-wise score sp over macro-blocks of
size B to allocate adaptive sampling levels {4, 8,16, 32}, producing a pyramid sampling map M.
After filtering and resolution lifting, pyramid pivot tokens recover high-quality mesh.

where (p;,n;) denotes the pivot token parameters of the i-th voxel. Sparse-MC is then applied
to the unified field D(-), ensuring shared corner values across adjacent voxels and producing a
seamless watertight reconstruction M. In summary, the pivot token provides a minimal encoding
for stable distance evaluation and deterministic reconstruction. We discuss the feasibility conditions
and practical constraints of pivot construction in Appendix[A]

3.2 Pyramid Pivot Voxelization

Assumption 2 (Spatial Complexity). Geometric information density is non-uniform: high-
frequency details are concentrated around high-curvature, sharp, or thin structures, where fine-
grained sampling is necessary, while coarse blocks suffice elsewhere.

Under (Local Planarity), each active voxel admits a compact pivot representation, but this typically
requires a sufficiently high resolution. Although a 5123 grid can capture the overall geometry with
high fidelity, it remains inefficient due to redundant sampling in smooth regions. Assumption 2
(Spatial Complexity) motivates adaptive sampling with a block-wise pyramid strategy: fine-grained
resolution is allocated only to high-frequency regions, while coarser blocks represent smooth areas.

Pyramid Sampling Map. We partition the normalized space [—0.5,0.5]% into a macro-block grid
B € 7B*B*B with block size 1/B, and assign each block g a complexity score Sp(g). Surface
samples x are mapped to blocks by g(x) = [(x + 0.5) B], and curvature- and normal-based cues
are aggregated as

S5(8) = (2(8) + Avar 0c(8) + Asraa | VE(®)| + M 1(8)) - VN @), ™

where ¢ is the mean curvature magnitude, o is curvature variation, || V¢|| captures spatial curvature
change, 7] measures local normal deviation, and N (g) is the number of surface samples in the block.
We discretize S p into an allocation map

M:g—1r€R={rmin, - maz} (8)
where R is a predefined set of sampling resolutions with quantile-based binning over blocks, and
M is restricted to surface-intersecting blocks, with missing active blocks filled by resolution 7, .

Pyramid Sampling. Given M : g — r, we perform pivot voxelization with h,, = 1/r, producing
N
T = {7—7(17“)} ) ) = {p(T)v S(r)}v ©)
n=1
where p(™ € R3 is the pivot point and s(") € {—1,+1} is the orientation sign. According to M,
for each active macro-block g, tokens from resolution 7 = M(g) form the final pyramid set

Togr = U {T(M(g)) | 7 lies in block g}. (10)

g€ Bactive
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Figure 4: Block-wise Pyramid VAE. Given pivot tokens at adaptive sampling levels {4, 8, 16, 32},
the encoder aggregates multi-resolution block features into a compact pyramid latent code, then
reconstructs pivot tokens with the guidance of the sampling map M.

Although constructing {7, } < is not a single-pass adaptive implementation, it is practical because
closest-point queries and triangle normals are provided by optimized C++ backends [32].

Pyramid Resolution Lifting. Given 7y, over multiple resolutions R, we lift all tokens to the
maximum resolution 7,y = max(R) with voxel size hAmax = 1/rmax for a unified Sparse-MC

reconstruction. For each token 7(") = {p(’), s(’")} € Tpyr, We recover its induced plane S =

(p(’"), n(’”)), subdivide the original voxel into (7max/ r)3 fine voxels, and evaluate their corner SDF
samples to populate the sparse high-resolution field:

Vinax = {ondicr: 0 € {0, Tmax — 17, (11
together with their corner-distance vectors
K
Dunax = {d(w0)} . d(v) = [ds(vi)] 5o g1y0 € B, (12)

where each component is given by
T T r
ds(vg) = (Vk’(; —pl )) n™. (13)
Finally, Sparse-MC is applied to (V max, Dmax) to reconstruct the sparse watertight mesh M.

3.3 Pyramid VAE

Assumption 3 (Block Reconstructability). Surface reconstruction is locally composable: each
pyramid block can recover its local surface patch from its pivot tokens, and the full mesh can be
obtained by enforcing consistent corner values across neighboring blocks.

A straightforward strategy is to learn pivot tokens by decoding the entire shape on a dense global
voxel grid. However, this quickly becomes prohibitive at high resolutions: even a minimal pivot field
with three pivot coordinates and one orientation sign per voxel requires approximately 2.0 GiB and
16.0 GiB of FP32 memory at 5122 and 10243 resolutions, respectively. In 3D CNN-based models,
the actual training cost is much larger due to multi-channel feature maps, activations, gradients, and
optimizer states. Thus, directly learning a global high-resolution voxel field is memory-inefficient
and difficult to scale, even with sparse convolutional techniques [33]].

Based on Assumption 3, we instead design a Pyramid VAE. The key idea is that pivot tokens are
locally reconstructable: each block contains sufficient surface evidence to recover its local patch
through the induced plane and Sparse-MC corner values. Thus, the model does not need to encode
the entire high-resolution shape as a monolithic dense tensor. Instead, we organize pyramid pivot
tokens into multi-resolution block tensors according to the pyramid sampling map M, where each
level corresponds to a sampling resolution such as {4, 8, 16, 32} within macro-blocks of size B.

The encoder uses hierarchical 3D CNN branches to aggregate block-wise geometric features from
coarse to fine levels and maps them into a shared pyramid latent representation

z2={zn}n_1, 2~ as(2 ]| Toye, M),
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Figure 5: Efficiency vs. quality trade-off for Table [II We report Chamfer Distance (L /L),
EMD, and F-score on ABO, using the number of sampling primitives in log scale as a proxy for
storage and computational cost. Our methods (red diamonds) achieve better Pareto efficiency than
SDF-based methods (blue circles) and Dual Contouring methods (green squares). Notably, Pivot-
512 reaches reconstruction quality comparable to FaithC with fewer active voxels.

where M provides the spatial allocation of sampling resolutions and 7y provides the correspond-
ing local surface evidence. The decoder mirrors this hierarchy to reconstruct pivot-token grids at
multiple resolutions. After decoding, the predicted blocks are filtered, lifted to the maximum grid,
and stitched through shared corner-value consistency for Sparse-MC reconstruction.

The pyramid representation separates where to allocate resolution from what surface evidence to
store. It only adds a lightweight sampling map M, which guides each active macro-block to recon-
struct at its assigned resolution and can reduce to standard Pivot Voxelization when all blocks use
the finest level. For generation, M can be learned as a coarse layout prior, while pivot tokens model
local geometry, naturally supporting a coarse-to-fine generative process.

4 Experiments
4.1 Implementation Details

Baselines. We benchmark P2Voxel against representative baselines covering two mainstream
paradigms: (i) SDF-based sampling, including Vecset [7l], Dora [27]], and Hunyuan3D-2.1 [34];
and (ii) Dual Contouring, represented by FaithC [30] and TRELLIS 2 [9]. Our comparison focuses
strictly on sampling strategy and surface reconstruction quality, explicitly excluding downstream
generative components (e.g., VAE tokenization or diffusion). To ensure fairness, we standardize
that all methods sample SDFs from identical watertight meshes and reconstruct using a neural im-
plicit network [35]], which is detailed in Appendix

Datasets and Metrics. We evaluate on three disjoint test sets (~400 shapes each) sampled from
ABO [36], Objaverse [37], and an in-the-wild (Wild) collection. All shapes are preprocessed into
watertight ground-truth surfaces using Dora’s pipeline (UDF-to-SDF followed by Marching Cubes)
to ensure topological consistency. Quantitative metrics include Chamfer Distance (L1/L2), Earth
Mover’s Distance (EMD) [38]], and F-score [39] (7 = 0.002).

Setups. We configure two voxelization strategies: a single-resolution baseline Pivot-512 and our
hierarchical Pyramid-R approach with R,,,, = 32. We employ a 3-level hierarchy {128, 256,512}
with sampling allocation ratios of [0.85,0.10, 0.05] for Pyramid-512, while extending to a 4-level
hierarchy {128, 256,512, 1024} with ratios [0.50, 0.35,0.12,0.03] for Pyramid-1024. Unless oth-
erwise stated, hyperparameters are fixed at A4 = 0.5, Agrqq = 0.3, and n = 3.0. All experiments
are conducted on a server with an AMD EPYC 7543 32-Core Processor and eight NVIDIA RTX
4090 GPUs (24GB VRAM). Detailed descriptions and runtime are provided in Appendix [B]

4.2 Main Results

Quantitative Evaluation of P2Voxel. Table|l{summarizes reconstruction quality at 512 resolution
on ABO, Objaverse, and Wild using CDL1/CDL2, EMD, and F-score (7 = 0.002). Overall, our
P2Voxel (Dim 4) achieves a strong efficiency-fidelity balance, outperforming SDF-based baselines
while remaining competitive with dual contouring methods that use substantially larger voxel di-



Table 1: Quantitative evaluation of geometry reconstruction quality. We report Chamfer Dis-
tance (CDL1/CDL2), Earth Mover’s Distance (EMD), and F-score (7 = 0.002) on ABO, Obja-
verse, and Wild datasets at 512 resolution (1024 Results in Appendix). We evaluate our three
configurations: Pivot-512 (single-scale 512) against hierarchical Pyramid-512 (128/256/512)
and Pyramid-1024 (128/256/512/1024). Considering voxel dimension capacity and reconstruc-
tion fidelity, P-Voxel (Dim 4) achieves efficient performance, outperforming baselines and rivaling
heavy-weight representations (e.g., FaithC with Dim 18). Bold indicates the best performance, and
underlined denotes the second best. Qualitative results are provided in Figure [1;2] of Appendix @

D: . SDF Dual Contouring Ours
ataset Metrics
Dora Vecset  Hy3D  Trellis2 FaithC  Pivot-512 Pyramid-1024 Pyramid-512

Voxel Dim 1 1 1 7 18 4 4 4
Num | 731,072 500,000 624,640 908,296 820,445 880,134 385,151 135,736
CDL1|  2.1858 22699 24972 21205 2.1175 2.1166 2.1583 2.3045

ABO ChbL2|  0.0121 0.0145 0.0188 0.0110 0.0110  0.0110 0.0114 0.0134
EMD | 3.4081 3.4962 3.7561  3.3425  3.3388 3.3364 3.3907 3.6001
F-score T 0.4654 04387 03843 04866 04869  0.4889 0.4747 0.4292
Num | 731,072 500,000 624,640 787,174 710,859 762,776 358,357 106,814
CDL1| 21798 23196 3.2233  2.0218 2.0240 2.0362 2.1578 2.4546

Objaverse CDL2|  0.0122 0.0153 0.0842  0.0104 0.0105 0.0105 0.0124 0.0172
EMD | 33885 3.5664 4.8408  3.1973  3.2025 3.2096 3.4889 4.1371
F-score T 0.4866 0.4442 03679 0.5357 0.5357  0.5311 0.5059 0.4330
Num | 731,072 500,000 624,640 416,054 380,769 403,306 234,999 72,862
CDL1|  1.7899 19798 23475 14525 1.4514 1.5090 1.6680 1.8972

Wild CDL2|  0.0089 0.0114 0.0184 0.0055 0.0055  0.0058 0.0072 0.0098
EMD | 29302 3.2289 3.8451 24976  2.4949 2.5602 2.8753 3.4419
F-score T 0.6324  0.5766 0.4895 0.7552 0.7546  0.7370 0.6827 0.5997

Table 2: Quantitative evaluation of geometry reconstruction quality of Pyramid VAE. We report
Chamfer Distance (CDL1/CDL2), Earth Mover’s Distance (EMD), and F-score (7 = 0.002) on
ABO, Objaverse, and Wild datasets at 512 resolution. Bold indicates the best performance, and
underlined denotes the second best. Qualitative results are provided in Figure [1;3] of Appendix @

. SDF DC Ours
Dataset Metrics
Dora  Vecset Hunyuan3D Trellis2 Pivot-512 Pyramid-512
CDL1| 22585 3.4681 2.5242 2.1741 2.1908 2.7853
ABO CDL2| 0.0138 0.0404 0.0355 0.0116 0.0116 0.0231
EMD |  3.4906 4.8132 3.9635 3.3969 3.4202 4.2214
F-score T 0.4475 0.3125 0.4108 0.4725 0.4606 0.3594
CDL1| 23785 3.0965 2.8737 2.1071 2.1019 2.6990
Objaverse CDL2| 0.0159 0.0299 0.0671 0.0114 0.0112 0.0218
EMD |  3.6592 4.4018 4.6346 3.2889 3.2926 4.3712
F-score T 0.4487 0.3345 0.4028 0.5134 0.5077 0.3951
CDL1] 1.9505 3.0526 2.2502 1.7363 1.6202 2.3525
wild CDL2 | 0.0116 0.0280 0.0233 0.0070 0.0068 0.0175
EMD | 3.1651 4.1121 3.7488 2.8409 2.6872 4.0763
F-score T 0.5879 0.2427 0.5238 0.7100 0.6885 0.4968

mensions (e.g., FaithC with Dim 18). On ABO, Pivot-512 provides the best overall reconstruction
quality among our variants, and Pyramid-1024 reduces the sampling count by over 2x (385k vs.
880k) with only a small reduction in accuracy. On Objaverse and Wild, our method maintains
stable performance across metrics, while Pyramid-512 achieves the most aggressive compression
(around 6.5 x fewer samples) at the expense of reduced reconstruction fidelity, highlighting the im-
portance of hierarchical lifting for preserving fine details. Figure [5] analyzes the efficiency-quality
trade-off on the ABO dataset. The x-axis denotes the number of sampling primitives (log scale),
serving as a proxy for storage and computation costs. Overall, our methods (red diamonds) con-
sistently achieve better Pareto efficiency than SDF-based sampling baselines (blue circles) and dual
contouring methods (green squares). In particular, Pivot-512 outperforms naive resolution scaling
(dashed line), achieving high reconstruction fidelity while using fewer active voxels.



Table 3: Ablation study on pivot sampling resolution (ranging from 64 to 1024) using the ABO
dataset. TopoC and HighCurv represent the percentage of samples suffering from topological com-
plexity errors and high-curvature artifacts, respectively. A/l indicates the overall percentage of sam-
ples exhibiting any of the aforementioned defects. The results demonstrate that increasing the pivot
sampling resolution mitigates both types of geometric artifacts.

Resolution Num CDL1] CDL2| EMDJ| F-scoret TopoC (%) HighCurv (%) All (%)
64 12,856 4.8159 0.1003 7.2071  0.1937 14.85 17.39 19.09
128 52,944 2.6730 0.0205 4.1791 0.3651 7.82 10.17 10.69
256 217,834 23806 0.0151 3.6894 0.4299 342 5.27 5.50
512 880,134 2.1166 0.0110 3.3364 0.4889 0.63 1.86 1.89
1024 3,524,752 1.6463 0.0072 22793 0.6139 0.22 0.87 0.89

Quantitative Evaluation of PyramidVAE. Table 2] shows that Pivot-512 achieves the best or
second-best results on most metrics across ABO, Objaverse, and Wild, demonstrating the ef-
fectiveness of compact Dim 4 pivot tokens for preserving local surface evidence. Compared
with SDF-based baselines, it consistently improves reconstruction accuracy and remains compet-
itive with the DC-based TRELLIS 2, even outperforming it on Objaverse CDL1/CDL2 and Wild
CDL1/CDL2/EMD. It is worth noting that the Pyramid VAE is trained only on the ABO training
split with limited data, without using Objaverse or Wild for training. Under this setting, the VAE-
compressed Pyramid-512 inevitably sacrifices some reconstruction fidelity compared with direct
Pivot-512, but still provides a compact multi-resolution latent representation with cross-dataset gen-
eralization potential for downstream token-based learning and generation.

4.3 Ablation Study and Analysis

Local Plannarity Analysis. As provided in Appendix[A] Figure[7]visualizes the artifact ratio distri-
bution from Table 3] including TopoC, HighCurv, and their union (A/l). As the resolution increases
from 64 to 1024, all three ratios consistently decrease, indicating that higher-resolution pivot sam-
pling effectively mitigates both topological complexity and high-curvature defects. Notably, the
reduction becomes less pronounced beyond 512, suggesting that 512 offers a practical trade-off
between artifact suppression and sampling cost.

Resolution Evaluation. Table[3|presents an ablation study on pivot sampling resolution (64— 1024)
on ABO. Increasing resolution consistently improves reconstruction quality: CDL1/CDL2 decrease
from 4.8159/0.1003 to 1.6463/0.0072, EMD drops from 7.2071 to 2.2793, and F-score rises from
0.1937 to 0.6139. Meanwhile, artifact rates are greatly reduced, with TopoC and HighCurv de-
creasing from 14.85%/17.39% to 0.22%/0.87%, and overall defects (All) dropping from 19.09% to
0.89%. Notably, the marginal gains diminish at higher resolutions (e.g., 512—1024), making 512 a
practical trade-off between reconstruction fidelity and sampling cost.

Allocation Evaluation. Table {4| quanti-
fies how the sampling-map cut ratios control
the sampling budget at maximum resolution
(R=512) under four threshold settings (S1—
S4). Relaxing the thresholds activates more
fine voxels (116,992 — 207,885), yielding
consistent quality gains (CDL1: 2.3154 —

2.2229; F—scorez 0.4}234 — '0.4547). Fig- Config. Num CDLI| CDL2| EMDJ F-scorel
ure [I0] further visualizes the induced block-
S1 116,992 2.3154 0.0134 3.6121 0.4234

level distribution at R=>512: increasing t'he S 135736 2.3045 00134 3.6001 04292
budget converts more fine blocks from in- g3 189783 22533 0.0126 3.5270 04437

active to active and raises per-block sam- S4 207,885 2.2229 0.0122 3.4801 0.4547
ple counts, while most blocks remain sparse.

This suggests that additional primitives are
selectively allocated to geometrically demanding regions, such as thin structures and high-curvature
boundaries, rather than uniformly inflating all areas. Overall, the sampling map provides a simple

Table 4: Ablation study on sampling cutting ratios
at 512 resolution. We evaluate four configurations
over levels {128, 256,512}: S1=[0.85,0.12,0.03],
S2= [0.85,0.10,0.05], S3= [0.80,0.10,0.10], and
S4= 10.70,0.20,0.10]. Lower thresholds activate
more voxels and improve reconstruction quality.




control knob to trade efficiency for fidelity by modulating the number of active voxels and sampled
primitives under uniform cut-ratio settings. Statistics are provided in Figure [10]of Appendix[C.2]

5 Conclusion

We propose P2Voxel, a compact mesh tokenization framework that reformulates voxel-based mesh
representation as local surface evidence sampling. By encoding each active voxel with a pivot
point and an orientation sign, P2Voxel replaces dense SDF storage with a minimal Dim 4 descriptor
that can induce the corner values required for deterministic Sparse Marching Cubes reconstruc-
tion. Built on local planarity and spatial complexity assumptions, the pyramid pivot representation
adaptively allocates finer tokens to geometrically complex regions while keeping smooth regions
coarse, achieving a better balance between reconstruction fidelity and token efficiency. Experiments
on ABO, Objaverse, and Wild show that P2Voxel provides competitive reconstruction quality with
substantially fewer primitives than representative SDF- and contouring-based baselines. By turning
dense mesh geometry into compact, locally reconstructable pyramid pivot blocks, P2Voxel provides
a concrete token space for learning-based 3D representation. Future work will further explore its
use in latent modeling and diffusion-based shape generation.
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Figure 7: Artifact ratio distribution across pivot sampling resolutions for Table @ We visual-
ize the percentage of samples affected by topological complexity (TopoC), high-curvature artifacts
(HighCurv), and their union (A//) under different pivot sampling resolutions (64—1024) on ABO. Ar-
tifact ratios consistently decrease as resolution increases, while improvements beyond 512 become
less pronounced, suggesting 512 as a practical trade-off between robustness and sampling cost.

A Pivot Feasibility within a Voxel

Sufficient Resolution. Assumption 1 is only valid when the voxel size is sufficiently small such
that each active voxel contains a single and nearly planar surface patch. To ensure this, we per-
form a local complexity test by probing multiple sub-voxel locations within each candidate voxel
and querying their closest surface points and corresponding triangle normals. A voxel is labeled as
ambiguous if the normals exhibit strong directional inconsistency (suggesting multi-sheet or topo-
logically complex regions) or if the probed points deviate noticeably from a single plane (indicating
high curvature). In our implementation, we use a normal-consistency threshold of 0.9 (approxi-
mately a 25° tolerance) for the topological check and a planarity tolerance of 5% of the voxel size
for high curvature, which provides a conservative filter for valid locally planar voxels, where Figure
[l demonstrates the trends of scaling voxelization resolution.

Pivot Feasibility within a Voxel. To make the pivot
token well-defined and numerically stable, the pivot
point must lie strictly inside its associated voxel (oth- 107
erwise, the voxel index recovered from p becomes
ambiguous), and it should not collapse to the voxel
center ¢ (otherwise, the normal direction becomes ill-
conditioned). Given an initial pivot estimate on the 64 128 256 512 1024 2048

. . . Resolution
plane, we refine it by solving a constrained closest-
point problem via alternating projections (projection  Fjgyre 6: Scale effect of mesh in Figure
onto convex sets, POCS [40]]): we first project c onto The ratios of topology-complex and high-
the plane, then alternately enforce in-voxel feasibil-  cyryature regions decrease with increasing
ity (by clamping to the voxel bounds with a small ego1ution, especially beyond r > 1024.

€ margin) and on-plane feasibility (by re-projecting  pjegge also refer to Table@and Figure m
onto the plane) for a few iterations, and finally apply

a hard in-voxel constraint to guarantee that the stored
pivot remains inside the voxel.

—e— Topology Complex
High Curvature
—e— All

Artifact Ratio Distribution across Resolutions. We analyze the effect of pivot sampling resolution
on reconstruction robustness using ABO. For resolutions from 64 to 1024, we report the percentage
of samples affected by topological complexity (TopoC), high-curvature artifacts (HighCurv), and
their union (All). The artifact ratios decrease consistently as resolution increases, showing that finer
pivot sampling better captures challenging local geometry. However, the gains become marginal
beyond resolution 512, suggesting that 512 provides a practical balance between robustness and
sampling cost. Accordingly, we use 512 as the default maximum resolution in our experiments.
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Table 5: Average runtime breakdown of pyramid voxelization at resolutions 512 and 1024. Values
are averaged across ABO, Objaverse, and Wild datasets. Note that the reported times measure the
end-to-end execution in Python, explicitly including the overall I/O (read/write) overhead.

Sampling  Pyramid  Resolution Sparse MC

Resolution map Voxelization  Lifting ~ RTX 4090
512 8.39s 596s 0.01s 0.60 s
1024 8.98 s 14.55s 0.08 s 234s

Table 6: Runtime benchmark for training and inference. Training speed is measured under r7; =
400,000 and reported as wall-clock time per 1,000 steps, estimated total training time, and peak
VRAM. Inference speed is reported as end-to-end reconstruction time per shape and peak VRAM.

Setting GPU Block Batch Size  Measured Runtime  Estimated Total Time Peak VRAM
Train RTX 4090 32 4m36s / 1,000 steps 12.8 days 12,299 MiB
Inference RTX 4090 - 1.69 s / shape - 4,119 MiB

B Implementation Details

Baselines. We benchmark P2Voxel against representative baselines from two mainstream geometry
discretization paradigms: SDF-based sampling methods, including 3DShape2VecSet (VecSet) [7],
DORA [27]], and Hunyuan3D-2.1 [34]]; and Dual Contouring-based methods, including FaithC [30]]
and TRELLIS 2 [9]. Our evaluation focuses on the geometry discretization stage, namely the sam-
pling strategy and its resulting surface reconstruction fidelity, while excluding downstream genera-
tive components such as VAE tokenization, latent modeling, or diffusion synthesis. For a controlled
comparison, all SDF-based baselines sample or downsample points from the same watertight in-
put mesh and reconstruct surfaces using the same neural implicit representation [35], so that per-
formance differences mainly reflect the effect of the sampling strategy rather than reconstruction-
network variations.

Datasets and Metrics. We conduct experiments on three disjoint test sets, each containing approx-
imately 400 shapes. The ABO dataset [36] contains product models from a catalog of over 147k
items and 7,953 artist-designed meshes. The Objaverse dataset [37] is sampled from a large-scale
repository of over 800k 3D assets, covering diverse categories such as animals, humans, vehicles,
and everyday objects. The Wild dataset includes challenging internet-collected shapes with noisy
geometry, irregular sampling artifacts, and complex topology. All shapes are converted into wa-
tertight reference surfaces using DORA’s UDF-to-SDF pipeline, followed by Marching Cubes and
largest connected component extraction. This provides consistent ground-truth surfaces for evalua-
tion while reducing ambiguity from disconnected fragments and non-manifold artifacts. We evaluate
reconstruction quality using complementary geometric metrics. Chamfer Distance under L1 and L2
norms (CDL1 and CDL2) [41] measures bidirectional nearest-neighbor discrepancy between recon-
structed and reference point sets. Earth Mover’s Distance (EMD) [38]] captures global distribution
mismatch and structural distortion. We also report F-score [39] at a threshold of 0.002, which bal-
ances precision and recall to indicate reconstruction completeness and surface correctness.

Setups. We evaluate two voxelization configurations to study the trade-off between reconstruction
fidelity and token efficiency: a single-resolution baseline Pivot-512 and our hierarchical Pyramid-
R strategy with R,,x = 32. In Pivot-512, we perform pivot-based voxelization at a fixed resolu-
tion of 5123, serving as a strong single-scale reference. For the hierarchical setting, we instantiate
two variants that progressively lift coarse pivot tokens to finer resolutions. Pyramid-512 adopts a
3-level hierarchy {128,256, 512} with allocation ratios [0.85, 0.10, 0.05], prioritizing coarse cover-
age while reserving fine samples for structurally informative regions. Pyramid-1024 extends this
to a 4-level hierarchy {128, 256,512, 1024} with allocation ratios [0.50, 0.35,0.12, 0.03], enabling
higher-resolution reconstruction with limited fine-scale sampling and sufficient mid-scale support.
Unless otherwise specified, we keep all scoring hyperparameters fixed across datasets and baselines,
setting Avar = 0.5, Agraa = 0.3, and n = 3.0, which control curvature variance, curvature gradient
magnitude, and normal deviation in the block-level importance score, respectively. All experiments
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Figure 8: Efficiency vs. quality trade-off analysis for Table We report Chamfer Distance
(L1/Ls), Earth Mover’s Distance (EMD), and F-score on Objaverse datasets. The z-axis repre-
sents the number of sampling primitives (log scale), serving as a proxy for storage and computational
cost. Red diamonds (Ours) demonstrate superior Pareto efficiency compared to SDF-based methods
(blue circles) and Dual Contouring methods (green squares).
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Figure 9: Efficiency vs. quality trade-off analysis for Table We report Chamfer Distance
(L1/ L), Earth Mover’s Distance (EMD), and F-score on Wild datasets. The z-axis represents the
number of sampling primitives (log scale), serving as a proxy for storage and computational cost.
Red diamonds (Ours) demonstrate superior Pareto efficiency compared to SDF-based methods (blue
circles) and Dual Contouring methods (green squares).

are conducted on a workstation equipped with an AMD EPYC 7543 32-Core Processor and eight
NVIDIA RTX 4090 GPUs with 24GB VRAM, under identical hardware and implementation set-
tings for fair comparison.

Runtime Breakdown. Table [5| summarizes the average end-to-end runtime of our pyramid vox-
elization pipeline at resolutions 512 and 1024, decomposed into four stages. The sampling map
construction dominates the preprocessing cost and remains relatively stable across resolutions
(8.39s—8.98s), while pyramid voxelization increases notably with resolution (5.96s—14.55s) due
to the higher-density token generation and accumulation. In contrast, resolution lifting is lightweight
in both settings (0.01s and 0.08s), indicating that multi-scale refinement introduces negligible over-
head compared to voxelization itself. Finally, the sparse Marching Cubes stage scales with output
resolution (0.60s—2.34s) and is the only component accelerated by the CuBVH CUDA implemen-
tation [31] on RTX 4090; all other stages are executed in Python and include I/O overhead. This
suggests substantial room for further optimization by migrating the sampling and voxelization stages
to GPU kernels and reducing Python-side bottlenecks.

C More Experimental Results

C.1 More Visualization of Efficiency-quality for Table ]|

Figs. [8]and [9 analyze the efficiency-quality trade-off using CDL1/CDL2, EMD, and F-score, where
the z-axis denotes the number of sampling primitives (log scale) as a proxy for storage and compu-
tation costs. Across ABO, Objaverse, and Wild, our methods (red diamonds) consistently exhibit
strong Pareto efficiency compared to SDF-based sampling baselines (blue circles) and dual contour-
ing methods (green squares). In particular, Pivot-512 achieves competitive reconstruction fidelity
while requiring substantially fewer active voxels, demonstrating an effective balance between sam-
pling budget and surface quality.
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Figure 10: Visualization of sampling-map induced block activation (focus on R=512) for Table El
We visualize how different sampling cut ratios redistribute the sampling budget across blocks. At
the maximum resolution (R=512), increasing the total number of sampled primitives consistently
activates more fine blocks and increases their per-block sample counts, resulting in clear qualitative
improvements in reconstruction. This supports adaptive, region-dependent sampling allocation.

Table 7: Quantitative evaluation of geometry reconstruction quality. We report Chamfer Dis-
tance (CDL1/CDL2), Earth Mover’s Distance (EMD), and F-score (7 = 0.002) on ABO, Objaverse,
and Wild datasets at watertight 1024 resolution. We evaluate our Pivot (single-scale 512) config-
urations. Considering the trade-off between voxel dimension capacity and reconstruction fidelity,
our P2Voxel method (Dim 4) achieves the most efficient performance. Results are sorted by method

category. Bold indicates the best performance, and underlined denotes the second best.

| Dataset | Dora  Vecset Faithc TRELLIS.2 Hy3D | Ours-Pivot
ABO 2.3144 24034 2.1679 2.1606 2.3303 2.1440
CDL1 | | Objaverse | 2.3599 2.5113 2.0615 2.0534 2.4324 2.0091
Wild 1.9001 2.1017 1.6637 1.6515 2.0115 1.5304
ABO 0.0139 0.0167 0.0115 0.0116 0.0151 0.0113
CDL2 | | Objaverse | 0.0162 0.0203 0.0108 0.0107 0.0180 0.0103
Wild 0.0103 0.0132 0.0073 0.0072 0.0117 0.0061
ABO 3.5541 3.6460 3.3838 3.3765 3.5992 3.3589
EMD | Objaverse | 3.7049 3.8994 3.2250 3.2121 3.7182 3.1674
Wild 3.3108 3.6483 2.7409 2.7314 3.4402 2.5593
ABO 0.4338 0.4089 0.4713 0.4759 0.4211 0.4796
F-score 1 | Objaverse | 0.4514 0.4121 0.5171 0.5199 0.4249 0.5345
Wildl 0.5961 0.5435 0.6581 0.6631 0.5760 0.7171

C.2 Block Activation Distribution of Table [d

Figure [I0] visualizes how the sampling map redistributes the sampling budget across pyramid blocks
at the maximum resolution (R=512) Table EL As the cut ratio is relaxed, more fine-resolution
blocks become active, and the number of sampled primitives within active blocks also increases.
Importantly, the distribution remains highly sparse: most blocks still contain only a small number
of samples, while additional budget is concentrated in selected regions. This indicates that the
sampling map does not uniformly densify the entire shape, but instead expands fine-level coverage in
geometrically demanding areas, showing the effectiveness of region-dependent sampling allocation.

C.3 Higher Watertight Resolution

Table [/ reports reconstruction results on ABO, Objaverse, and Wild when the watertight ground-
truth surfaces are generated at a higher resolution of 1024. Compared with our main results under
the default watertight setting, we observe that increasing the watertight resolution leads to only
minor numerical variations across all metrics, indicating that our evaluation is not sensitive to the
specific watertight extraction resolution. Under this stricter setting, our Pivot-1024 (Dim 4) remains
consistently competitive, achieving strong CDL1/CDL2 and EMD with the highest or near-highest
F-score across datasets. Overall, these results suggest that the reported performance trends are
stable and that further increasing the watertight resolution has limited impact on the comparative
conclusions.
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Table 8: Architectural details of the Pyramid VAE encoder. The encoder starts from the input
branch corresponding to the selected pyramid resolution R € {32, 16,8} and progressively maps
the token grid to a 43 latent grid. Each ResBlock3D uses LayerNorm, SiLU activation, and 3 x 3 x 3
convolutions.

Stage | Input Resolution | Output Resolution | Block
Input-32 323 323 Conv3D(4, 32, 3)
Ey 323 16° [ResBlock3D(32, 32)] x 2, Down(32, 64)
Input-16 16° 16° Conv3D(4, 64, 3)
E; 16° 8? [ResBlock3D(64, 64)] x 2, Down (64, 128)
Input-8 83 83 Conv3D(4,128, 3)
Es 8? 43 [ResBlock3D(128,128)] x 2, Down(128, 256)
Input-4 43 43 Conv3D(4, 256, 3)
E, 43 43 [ResBlock3D(256, 256)] x 2
Middle 43 43 [ResBlock3D(256, 256)] x 2
Posterior Head 43 43 LayerNorm, SiLU, Conv3D(256,2C., 3)

D Details of Pyramid VAE

Pyramid representation and architecture. We train the Pyramid VAE on the ABO training split
using pyramid pivot tokens extracted from watertight meshes voxelized at a global resolution of
5123. Each local block has a maximum resolution of R, .x = 32, and the model is trained over
three pyramid stages R = {32, 16, 8}. Each input token contains four channels, including a relative
3D pivot coordinate and a discrete sign value, while the decoder predicts three coordinate channels
and three sign logits for the classes {—1,0,+1}. The encoder uses hierarchical 3D convolutional
stages with channel widths [32, 64, 128, 256], and the decoder mirrors this structure with widths
[512, 256, 128, 64]. Each stage contains two residual blocks, the bottleneck also contains two resid-
ual blocks, and layer normalization is used throughout the network. The latent code has C', = 16
channels, with the encoder predicting both posterior mean and log-variance.

Multi-stage training and optimization. Instead of optimizing all pyramid stages simultaneously,
we randomly sample one stage at each iteration according to the weighted distribution wss : wig :
wg = 5 : 3 : 2, corresponding to probabilities 0.5, 0.3, and 0.2. This strategy emphasizes the finest
stage while still exposing the model to coarser pyramid levels. When distributed training is used, the
selected stage is synchronized across processes. The model is trained end-to-end with AdamW, using
an initial learning rate of 5 x 10~% and cosine annealing over 500 epochs. Training is performed in
FP32 precision with gradient clipping at norm 1.0, a block batch size of 64, a mini-batch size of 2,
and a fixed random seed of 1234.

Objective and validation. The Pyramid VAE is trained with a reconstruction-aware objective that
supervises both pivot coordinates and orientation signs. Given a target token z; = (p;, s;) and

decoder prediction &; = (P;, £;), the final objective is
L= )\xyzﬁxyz + )\empty‘cempty + )\signﬁsign + )\KLEKLa

where
Aayz = 1.0, Aempty = 0.01, Asign = 0.5, Akr, = 1074

Here, Ly, is an ¢; coordinate reconstruction loss applied only to occupied voxels, encouraging
accurate local pivot prediction. Lempty penalizes non-zero coordinate predictions in empty voxels,
preventing spurious surface evidence in inactive regions. Lgig, is a weighted three-class cross-
entropy loss for the sign labels {—1, 0, +1}, with class weights (1.0, 0.25, 1.0) to balance occupied
and empty states. Lxi, regularizes the latent posterior toward a standard Gaussian prior, enabling
compact VAE-style latent modeling. Validation is performed every 5 epochs using sampled vali-
dation batches, with both overall and per-stage metrics recorded; full reconstruction validation is
optional and disabled in the reported configuration for memory efficiency.
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Table 9: Architectural details of the Pyramid VAE decoder. The decoder maps the latent grid with
C, = 16 channels to multi-resolution token predictions. Each output head predicts six channels,
corresponding to three relative coordinate channels and three sign logits.

Stage | Input Resolution | Output Resolution | Block
Latent Input 43 43 Conv3D(C,, 512, 3)
Middle 43 43 [ResBlock3D(512,512)] x 2
Dy 4? 4? [ResBlock3D(512,512)] x 2
Head-4 43 43 LayerNorm, SiLU, Conv3D(512,6, 3)
Ds 43 8* Up(512,256), [ResBlock3D(256, 256)] x 2
Head-8 83 83 LayerNorm, SiL.U, Conv3D(256,6,3)
Dy 8? 16° Up(256,128), [ResBlock3D(128,128)] x 2
Head-16 16° 16® LayerNorm, SiLU, Conv3D(128,6,3)
Dy 16° 323 Up(128,64), [ResBlock3D(64,64)] x 2
Head-32 323 328 LayerNorm, SiLU, Conv3D(64,6, 3)

Table 10: Training hyperparameters of the Pyramid VAE.

Hyperparameter | Value
Dataset ABO
Representation Pyramid tokens
Global resolution 5123
Maximum block resolution R ax 32
Training stages {32, 16, 8}
Stage sampling weights {5.0,3.0,2.0}
Input channels 4
Output channels 6
Latent channels C, 16
Encoder channels [32, 64,128, 256]
Decoder channels [512, 256, 128, 64]
Residual blocks per stage 2
Middle residual blocks 2
Normalization LayerNorm
Batch size 2

Block batch size 64
Optimizer AdamW
Learning rate 5x107°
Epochs 500
Gradient clipping 1.0
Precision FP32
Mixed precision Disabled
KL weight 1074
Sign CE weight 0.5

Sign CE class weights [1.0,0.25,1.0]
XYZ loss weight 1.0
Empty-space loss weight 0.01
SDF cosine loss weight 0
Validation interval 5 epochs
Checkpoint interval 20,000 steps
Maximum kept checkpoints 10
Random seed 1234
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Figure 11: We visualize some pyramid token allocations across resolutions in Figure where
red/blue/green/cyan denote R=512/256/128, respectively. Lower-resolution tokens predominantly
cover smooth and slowly varying regions, while higher-resolution tokens concentrate around silhou-
ettes, sharp boundaries, and transition areas, demonstrating effective multi-scale budget allocation.

E Qualitative Visualization

We provide qualitative visualizations to further illustrate the behavior and reconstruction quality of
P2Voxel. Figure[IT]visualizes the pyramid sampling maps, showing how tokens are allocated across
different resolutions according to local geometric complexity. Figure[T2compares mesh reconstruc-
tion results before VAE tokenization, focusing on the effectiveness of the pivot voxelization and
pyramid sampling strategy itself. Figure [[3] further presents reconstruction results after VAE com-
pression, demonstrating that the compact pyramid latent representation preserves the main surface
structure while supporting token-efficient learning. Together, these visualizations show that P2 Voxel
allocates high-resolution tokens to geometrically informative regions and maintains high-quality re-
construction under both direct and VAE-compressed settings.

F Discussion

Future Work. P2Voxel provides a compact and reconstruction-aware token space by converting
dense mesh geometry into locally reconstructable pyramid pivot blocks. In this work, we mainly
focus on geometry tokenization, deterministic reconstruction, and VAE-based compression, leaving
full generative modeling as a natural next step. The pyramid sampling map can serve as a coarse spa-
tial layout, while local pivot tokens describe fine-grained surface evidence within selected blocks,
suggesting a coarse-to-fine pipeline that first predicts resolution allocation and then generates lo-
cal pivot evidence. Another promising direction is to learn the sampling map directly from data.
Although the current allocation strategy based on geometric scoring and fixed cut ratios already
provides an effective efficiency—fidelity trade-off, a learned allocation module may better adapt the
token budget to different object categories, surface complexity, and downstream tasks. Finally,
more efficient CUDA-based kernels and parallel reconstruction procedures could make P2Voxel
more suitable for large-scale 3D asset processing and real-time applications.

Social Impact. P2Voxel may have positive impact by reducing the storage, memory, and computa-
tional cost of high-resolution 3D geometry representation, benefiting applications such as 3D asset
compression, digital content creation, simulation, robotics, virtual environments, and learning-based
shape generation. By lowering the cost of representing detailed mesh geometry, the method may also
make 3D learning pipelines more accessible to researchers and creators with limited computational
resources. At the same time, more efficient 3D tokenization can make large-scale 3D asset syn-
thesis and editing easier, especially when integrated into generative pipelines. Therefore, practical
deployment should respect data provenance, copyright and licensing constraints of 3D assets, and
responsible use of generated content. The present work focuses on geometry representation and re-
construction, and does not involve private data, human subjects, or high-risk deployment scenarios.
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Figure 12: Visualization results across different methods. All comparisons are conducted purely
at the mesh reconstruction level, without VAE tokenization or diffusion-based generation. With
sufficiently dense sampling, all methods produce plausible reconstructions. Our P2Voxel achieves
comparable quality with fewer active voxels (smaller token budget), and its minimal Dim 4 repre-
sentation further benefits downstream token-based learning.
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Figure 13: Visualization results of VAE across different methods. All comparisons are con-
ducted purely at the mesh reconstruction level, without VAE tokenization or diffusion-based genera-
tion. With sufficiently dense sampling, all methods produce plausible reconstructions. Our P2Voxel
achieves comparable quality with fewer active voxels (smaller token budget), and its minimal Dim 4
representation further benefits downstream token-based learning.
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