TopoMesh: High-Fidelity Mesh Autoencoding via Topological Unification

Supplementary Material

A. Topo-VAE

In this section, we present the network architecture of Topo-
VAE (Sec. A.1), then analyze the explicit mesh-level super-
vision paradigm (Sec. A.2). Finally, we provide compre-
hensive experimental details (Sec. A.3).

A.1. Network

Sparse Voxel-Point Encoder £p. A lightweight architec-
ture comprising 12.1M parameters. Per-point coordinates
are projected into 51-dimensional Fourier features and con-
catenated with surface normals to form 54-channel features.
These features are then aggregated into sparse voxels via
our Sparse Voxel-Point Attention. As outlined in Algo-
rithm 1, the mechanism takes as input a shared learnable
token q, linear projections of point features k and v, a map-
ping index Z that assigns each point to its enclosing voxel,
and the number of heads H.

Algorithm 1 Sparse Voxel-Point Attention

Require: q € R™*C kv e RP*C, T {0,V -1}, H
1 dp = C/H,

2: Reshape q into [H, 1,d}];

3: Reshape k, v into [H, P, dp];

4: // 1. Similarity Score S € [H, P]

5: S = Sum(q ® k,dim = —1)//dy;

6: // 2. Attention Score A € [H, P]

7: A = ScatterSoftmax(S, index = Z,dim = —1);
8: // 3. Weighted Value W € [H, P, d}]

9: W = A.unsqueeze(—1) O v;

10: // 4. Aggregated Output O € [H,V, dy]

11: O = ScatterAdd(W,index = Z,dim = 1,size = V);
12: Reshape O into [V, C];

13: return O;

This attention process efficiently maps variable numbers of
unstructured points into structured sparse voxels.

Sparse Latent Encoder £5. A structured latent encoder
with 81.8M parameters and the same architecture as Trel-
lis [20]. The 1024-channel voxel features from the Sparse
Voxel-Point Encoder are projected into a 768-dimensional
hidden space and processed by 12 layers of 3D shifted win-
dow attention [13]. The resulting features are compressed
into a 16-channel latent, which is split into an 8-channel
mean g and an 8-channel standard deviation o for varia-
tional sampling. The overall encoder is represented by:

E=CEg0&p ey

Sparse Latent Decoder Dg. A structured latent decoder
with 97.2M parameters. The sampled 8-channel latent are
projected into a 768-channel hidden space and processed by
12 layers of 3D shifted window attention blocks. To recover
high-resolution geometry, the features are passed through
three upsampling blocks, increasing the voxel resolution by
a factor of 8 (e.g., 643 — 5123, 1283 — 10243). To main-
tain computational efficiency, we apply a pruning module
after each upsampling block from SparseFlex [6], which re-
moves redundant voxels based on a predicted occupancy.

Decoupled FlexiCubes Decoder Dy. This parameter-free
module is designed to deterministically extract mesh ver-
tices and connectivity from the predicted sparse voxel fea-
tures. Given the 61-channel feature f for each active voxel,
we decompose it into topological components (o0, ) and ge-
ometric components (u, d, «, §) via the following splitting
and activation scheme:

o = I(fjo.5) > 0),  u = Softplus(fjs.16])

0 = tanh(fj16.40)), B = tanh(fi40:52))

Y= Singid(f[GO:Gl])

where indices denote channel slicing. Here, o determines
the DMC [16] topology. The sdf value is reconstructed via
s = u- (1 — 20). Finally, {s,d, o, 3} parameterize the
FlexiCubes [17] to compute vertex positions, while ~ deter-

mines the triangulation strategy for the generated quadrilat-
erals. The overall decoder is represented by:

D:DFODS (2)

o = tanh(f}52.60]),

A.2. Explicit Supervision

Difference from Prior Work. We underscore that our
Explicit Supervision paradigm fundamentally differs from
prior work by enabling an end-to-end, fully differentiable
optimization of mesh vertex positions and connectivity.
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Figure S1. Comparison of different supervision signals.
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As illustrated in Fig. S1, while SDF-based supervision [11,
12, 19, 21, 22] and Rendering-based supervision [6, 20]
rely on indirect supervision, thus suffering from supervi-
sory ambiguity and high-frequency detail loss, our method
explicitly regresses (drags) predicted vertices to their ex-
act ground-truth positions, providing strong, unambiguous
gradients necessary for preserving sharp edges and corners.
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Figure S2. Stable training with Teacher Forcing.

Correspondence Construction. Explicit supervision ne-

cessitates a rigorous, element-wise correspondence between

the predicted mesh and the ground truth. We construct this

correspondence hierarchically:

1 Voxel-Level. A predicted voxel corresponds uniquely to
the gt voxel sharing the same spatial coordinate ¢ € Z3.

2 Vertex-Level. Vertices within corresponding voxels are
matched. Our Teacher Forcing guarantees consistent
topological structures (Fig. S2), ensuring identical vertex
counts and valid gradient flow during training.

3 Face-Level. Quadrilaterals generated from identical grid
edges are matched. Our Teacher Forcing guarantees the
exact number of predicted faces during training.

Total Loss. Our final loss is a weighted combination of
explicit mesh-level losses and several regularization terms
to ensure stable training, formulated as follows:

L :)\lopoﬁtopo + Avenﬁvert + Anormalﬁnormal
+ )\DCC‘CDCC + )\conﬁcon + Aregﬁreg + )\KLLKL

Here, the weights Awopo, Averts Anormals Aoces Acons Aregs and
Ak1, are set to constants 1.0, 0.4, 0.2, 0.1, 1.0, 0.01, and
1075, respectively.

A.3. Experiment

Topo-Bench. To rigorously evaluate reconstruction fidelity
on complex geometries, we curate Topo-Bench, a chal-
lenging benchmark consisting of 1,000 high-quality meshes
from Objaverse [5], Thingil0K [23], and Toys4K [18]. We

visualize several samples in Fig. S3.
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Figure S3. Samples from Topo-Bench

Baselines. The core objective of our work is to elevate the
reconstruction fidelity of 3D VAESs. To ensure reproducibil-
ity and fair comparison, we restrict our evaluation to open-
sourced methods, excluding Sparc3D [12], Hitem3D [15],
Hunyuan3D-2.5 [10], Rodin-Gen-v2 [4], Meshy [1], etc.
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Figure S4. Visualization of uniform sampling and sharp edge sam-
pling.

Evaluation Metrics. To ensure consistent evaluation, we
normalize all meshes to [—1,1]® and then compute 2D and
3D metrics. We evaluate visual fidelity using Absolute Nor-
mal Consistency (ANC) [12], computed over 150 views ren-
dered at 512 x 512 resolution (camera radius 1.7, FoV 30°)
following the camera sampling strategy in Trellis [20]. For
geometric accuracy, we report Chamfer Distance (CD) and
F-Score (F1) based on 500, 000 uniformly sampled points.
Furthermore, we introduce F1-Sharp to rigorously assess
the preservation of sharp features. As shown in Fig. S4,
this metric calculates the F-Score (7 = 0.005) on 500, 000
points sampled exclusively from high-curvature surface re-
gions with dihedral angles sharper than 30°.

Image-to-3D Generation. To validate Topo-VAE as a pow-
erful backbone for image-to-3D generation, we integrate
it into a two-stage pipeline following Ultra3D [3]. For
quantitative evaluation, we sample 200 objects from the
Toys4K [18] dataset. For each object, we render 4 views,
resulting in a total of 800 images. We report Fréchet In-
ception Distance (FID) [7] and Kernel Inception Distance
(KID) [2] to assess the perceptual quality and diversity of
the generated assets.

B. Topo-Remesh

In this section, we provide comprehensive details for Topo-
Remesh. We first elaborate the definition and geometric
properties of the Loo metric (Sec. B.1), then present the
detailed algorithmic pipeline (Sec. B.2) and demonstrate its
ability to extend to higher resolution (Sec. B.3).

B.1. Loo Metric

Definition. As defined in the main paper (Eq. ??), the Loo
distance D, (P, Q) between a spatial query point P and its
nearest surface point () is the maximum Euclidean distance
from P to the planes of all triangles 7'(Q) incident to Q.
Formally, let II; be the plane containing triangle 7;. The
metric is given by:

Do (P,Q) = max d(P,II; 3
(P.Q)= max d(P.IL) ®
A critical observation is that the surface point ()7, mini-
mizing the standard Euclidean distance is sometimes dis-
tinct from the point )7  that minimizes the Loo distance.
Finding the globally optimal Q)7 . is non-trivial due to the



non-smooth and anisotropic nature of the L., landscape,
which prevents standard acceleration structures (e.g., BVH,
KD-Tree) from performing efficient pruning, rendering di-
rect optimization computationally prohibitive.

To address this, we employ an approximation strategy
based on local sampling. Instead of relying solely on the
L2-nearest point, we generate a set of candidates Q = {Qy }
within the regional neighborhood of P that are visible and
locally convex relative to P. We then evaluate the Loo dis-
tance for all candidates and define the final SDF value as
the minimum:

SDF(P) = min D (P, 4
(P) = min Doc(P. Q) @
This approach ensures that we capture the correct ’box-like’
distance field required to preserve sharp corners.

Implementation. Theoretically, calculating D, (P, Q)
requires iterating over incident triangles defined by mesh
topology. However, explicit connectivity is unreliable for
raw meshes, which suffer from topological defects such as
self-intersections and duplicate vertices.

To ensure robustness, we define the incident triangle sets
T(Qy) via spatial proximity rather than explicit connectiv-
ity. Specifically, a triangle T is considered incident to (),
if d(Qr,T;) < e. The Loo distance is computed by maxi-
mizing over this geometrically associated triangle set:

DOO(P, Qk) ~ max(d(P, Hj) ‘ d(Qk,Tj) < 6) ®)

where ¢ is a small tolerance threshold 10~7. This strategy
effectively stitches” disconnected components on the fly,
ensuring resilience against diverse mesh artifacts. We sum-
marize this calculation procedure in Algorithm 2.

Algorithm 2 L, Distance between P and Q)

Require: P, Qy, €, {T}}
1: D=0;
2: for each triangle T; € {T;} do
3 // 1. Point to Triangle Distance
if d(Qr,T;) < € then
II; = Plane(T});
// 2. Point to Plane Distance
dplane = d(P, Hj);
/1 3. Lo 1s the maximum over incident triangles.
D = max(D, dpiane);
10:  end if
11: end for
12: return D;
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Finally, we leverage a Bounding Volume Hierarchy
(BVH) to accelerate the aforementioned operations, includ-
ing nearest surface point search, local triangle retrieval for
incident checks, and visibility verification. The complete

workflow for computing SDF, at a query point P is sum-
marized in Algorithm 3:

Algorithm 3 L, SDF Calculation

Require: P,BVH, ¢, n
1: // 1. Lo-nearest point as one candidate.
@ = BVH.ClosestPoint(src = P);
/I 2. Compute L distance between P and Q).
S = BVH.RobustLinf(P, Q, €);
/1 3. Heuristic search for another candidate.
P'=P+n-(P-Q);
@' = BVH.ClosestPoint(src = P’);
/I 4. Check visible.
if Q' # Q and BVH.IsVisible(P,Q’) then
/I'5. Compute L distance between P and Q'.
S’ = BVH.RobustLinf(P, @', €);
/I 6. SDF is the minimum L., among candidates.
S = min(S, 5");
end if
: return S;
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Figure S5. Robust to different local structures.

Robustness. The proposed L., SDF formulation is inher-
ently robust to common mesh artifacts. Specifically, by
relying on point-to-plane distances within local neighbor-
hoods, it remains resilient to topological defects, such as
flipped normals, self-intersections, or non-manifold edges.
Also, the maximum operation naturally filters out spurious
inner structures, as shown in ??b (main). Finally, our for-
mulation is agnostic to diverse local geometries, effectively
handling acute, right, and obtuse angles, as demonstrated in
Fig. S5.

B.2. Pipeline

Our Topo-Remesh framework operates in five sequential
stages, fully accelerated on the GPU.

Voxelization and Flood-fill. We first discretize the input
mesh into a sparse voxel grid. Subsequently, a flood-fill
operation propagates from the exterior to identify surface-
adjacent voxels. To ensure full coverage of the underlying
geometry, we apply a 5-voxel dilation to this boundary, es-
tablishing a narrow band for the final surface extraction.

SDF Calculation. We evaluate the signed distance at grid
corners within the narrow band to precisely identify surface-
intersecting voxels. To enable surface dilation described in



the main paper (??), the final SDF is obtained by offsetting
the L distance:

SDF(P) = SDF.(P) — ¢ (6)

where SDF, (P) is defined and computed by Eq. 4 and Al-
gorithm 3, and € denotes the dilation radius, which we set
to 1/1024.

Mesh Extraction. Given the non-smooth nature of the L
distance field, we employ Occupancy-based Dual Contour-
ing (ODC) [8] for surface extraction. Unlike methods de-
pendent on continuous SDF magnitudes [14, 16] or gradi-
ents [9], ODC robustly reconstructs geometry relying solely
on binary occupancy information. It resolves optimal vertex
placements by iteratively querying occupancy across grid
edges and faces. Please refer to the original paper for more
details. Formally, the occupancy at a spatial point P is de-
fined as:

Occ(P) =I(SDF(P) < ¢) (7

where I is the indicator function and ¢ represents the dila-
tion radius.

Compression. We decompose mesh attributes into com-
pact primitives to achieve efficient storage. Vertex positions
(3 x 32 bits) are decoupled into integer voxel coordinates
(3 x 10 bits) and intra-voxel offsets (3 x 10 bits), allow-
ing both components to be quantized and tightly bit-packed
into two 32-bit integers. Vertex connectivity is decoupled
into occupancy (8 bits) at voxel corners and a triangulation
decision (1 bit) for each generated face (Fig. S6). By an-
choring these decisions to the voxel with the minimal coor-
dinate, we pack the flags for three axes into 3 bits per voxel.
Crucially, these primitives serve directly as the training
targets for Topo-VAE, without the need for intermediate
mesh reconstruction.
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Figure S6. Triangulation decision.

During decoding, vertex positions are recovered via de-
quantization and aggregation of voxel coordinates with
intra-voxel offsets, while connectivity is efficiently assem-
bled following the indexing protocol of FlexiCubes [17].
Theoretically, the mesh extracted from N active voxels
typically contains V' ~ N vertices and F' ~ 2N faces.
Standard storage (using 32 bits for both) will consume
12V + 12F =~ 36N bytes. In contrast, our representa-
tion requires only packed voxel coordinates (4N bytes),
packed intra-voxel offsets (4V bytes), packed occupancy
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Figure S7. Remeshing under different resolution.

(1N bytes), and packed triangulation flags (3N bits), to-
taling approximately 9.375N bytes, yielding a compression
rate of 74%.

B.3. Scaling

Our Topo-Remesh algorithm is inherently adaptive to vary-
ing resolutions. Scaling the voxel grid to higher resolutions
(e.g. 1536%) enhances the preservation of fine geometric
details (Fig. S7), albeit at an increased computational cost.
(35s at 15363 compared to 14s at 10243).

C. Future Work

TopoMesh achieves high-fidelity mesh reconstruction at
10243. While further scaling to higher resolution enables
the capture of finer details, it incurs cubic computational
costs and remains bounded by voxel discretization. We
think a promising path toward infinity resolution” is con-
tinuous local representation, where intra-voxel geometry is
parameterized as continuous fields or point distributions.
This approach enables mesh extraction at arbitrary preci-
sion while maintaining computational efficiency.

D. Visualization

We provide more visualizations of remeshing in Fig. S8,
VAE reconstruction in Fig. S9, and Fig. S10. and image-to-
3D generation in Fig. S11.
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Figure S8. Visual comparisons of remeshing. Our method produces clean meshes with sharp features. * means a re-implementation
version.
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Figure S9. Visual comparisons of VAE reconstruction. Our method better preserves sharp features, as highlighted by red boxes.
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Figure S10. Visual comparisons of VAE reconstruction. Our method better preserves fine geometric details, as highlighted by red boxes.
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Figure S11. Visual comparisons of image-to-3D Generation. Our method produces fine geometric details with better image alignment, as
highlighted by red boxes.
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