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APPENDIX

A IMPLEMENTATION DETAILS

A.1 PARAMETER ABLATION.

Figure 1: Ablation study of different parameter
settings on ShapeNet dataset.

Fig. 1 demonstrates Tri-Vectors’ scalability. We
sampled 400 shapes from ShapeNet and mea-
sured Chamfer Distance (CD) to assess re-
construction performance. Based on these
results, we chose rank=32, resolution=192
(corresponding to ≈18K parameters) to bal-
ance reconstruction detail and training cost for
single-shape experiments. For experiments on
Thingi10K and BuildingNet we use rank=64,
resolution=192 (corresponding to ≈37K pa-
rameters). These settings were selected because
they provide a compact representation while
still preserving fine geometric details, yielding
a favorable trade-off between model simplicity
and reconstruction quality.

A.2 SHAPE LEARNING.

We optimize Tri-Vectors using 6M points sampled from the shape and their corresponding SDF
values. For each optimization step, we randomly sample 16,384 points and use the Adam (Dereich
et al., 2024) optimizer with a fixed learning rate of 2e-3.

Figure 2: Illustration of the linear interpolation
process.

Linear interpolation. We project the query
point onto different axes and interpolate the fea-
ture using the values of the two nearest points
and the projection’s relative position between
them. For example, to interpolate the value
of a spatial point p = (x, y, z) in the 3D do-
main, we decompose the process along each
axis independently. The 3D space is normal-
ized to [−0.5, 0.5]3, and interpolation is per-
formed on the discrete feature vectors xr, yr,
and zr. As illustrated in Fig. 2, for a given axis, e.g., x, the scaled coordinate is computed as
xscaled = (x + 0.5) · (W − 1), where W is the resolution of the vector. The left (⌊xscaled⌋) and
right (⌈xscaled⌉) indices and the interpolation weight α = xscaled − ⌊xscaled⌋ are used to compute
f(x) = (1− α)fl + αfr, where fl and fr are feature values at the respective indices.

Baselines. We first compared our Tri-Vectors with DenseGrid, Triplane (Shue et al., 2023), Neu-
ralWavelet (Hu et al., 2024), and MSDF (Yariv et al., 2024), as these methods are commonly used
in 3D generative applications. We randomly selected 200 models each from the Thingi10K and the
ShapeNet datasets. The main distinction between these datasets is model complexity: Thingi10K
generally contains more intricate shapes. (1) For DenseGrid, we set the spatial resolution to 128,
sample the coordinates of the center points of each grid, and compute the corresponding SDF val-
ues. Finally, we reconstruct the surface using the Marching Cubes algorithm. (2) For Triplane, the
resolution of each plane is given by fxy, fxz, fyz ∈ R128×128×32, with a separate MLP assigned to
each shape for decoding. (3) For NeuralWavelet, we follow its original wavelet decomposition on
the TSDF, applying a multi-scale decomposition up to J = 3. For reconstruction, we retain only
a coarse grid coefficient with a spatial resolution of 46 and a detail grid coefficient with a spatial
resolution of 76, as described in the paper. The shape is then reconstructed using the inverse wavelet
transform. (4) For MSDF, we uniformly sample 1024 points on the shape’s surface, representing the
MSDF tensor as X ∈ R1024×(3+1+73). The representation is then optimized following the algorithm
outlined in the paper.
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Then, we caompared our Tri-Vectors with StriVec (Gao et al., 2023), InstantNGP (Müller et al.,
2022), and DictionaryFields (Chen et al., 2023). We randomly selected 200 models from the
Thingi10K dataset. (1) For StriVec, we implement the method following the original hierarchi-
cal sparse multi-scale tensor representation and adapt it for SDF compression. We place three levels
of local Tri-Vectors (rank = 48) at occupied voxel centers, maintaining the original structure. The
voxel resolutions at each level are set to 2, 4, and 8, with corresponding Tri-Vector dimensions of
32, 64, and 128. (Model size: ≈ 4M). (2) For Instant-NGP, we follow the original SDF compression
settings, utilizing a multi-resolution hash grid encoding with 16 levels. Each level stores feature vec-
tors of dimension 2, with a hash table size of 219 and a base resolution of 16. The decoder consists
of a density MLP with 2 hidden layers of 64 units. (Model size: ≈ 12M). (3) For DictionaryFields,
we follow the original coefficient-basis factorization settings, representing the scene with multiple
resolution levels of basis and coefficient grids. The basis grids employ a periodic coordinate trans-
formation, while the coefficient grids are fixed at a resolution of 32 across all levels. The model uses
bilinear interpolation for both basis and coefficient lookup, with a single-layer MLP of 64 hidden
units. (Model size ≈ 5M).

Metrics. To evaluate reconstruction quality, we used Chamfer Distance (CD), Intersection-over-
Union (IoU), and F-score. IoU was calculated from the occupancy predictions of 50K query points
sampled in normalized 3D space, while CD and F-score were assessed using two point clouds of 50K
points sampled from the reconstructed and ground-truth surfaces. We also assessed the parameter
efficiency of each method by counting the required parameters for representing a shape. Addition-
ally, MSDF, TP, and Tri-Vectors involve an optimization process, we measured their computation
times on the same device and on a single RTX 4090 GPU to ensure a fair comparison.

A.3 SHAPE GENERATION.

For ShapeNet dataset, we set the Tri-Vectors parameters to 18K (rank=32, resolution=192), the op-
timization runs for 5000 iterations, taking approximately 30 seconds for one shape. For Thingi10K
and BuildingNet datasets: we set the Tri-Vectors parameters to 37K (rank=64, resolution=192),
the optimization runs for 8000 iterations, taking approximately 60 seconds for one shape.

For ShapeNet dataset, we follow the dataset split protocol from (Chen & Zhang, 2019) and train
a separate model for each category to match TP and NW. Specifically, TP is trained on the car,
chair, and airplane categories, while NW is trained on the table, chair, and airplane categories. We
choose SiT-B (Ma et al., 2024) as our backbone, training each model on 8 RTX 4090 GPUs with
a global batch size of 2048 for 800K iterations, with each model taking approximately three days
to train. During the sampling process, we employ an SDE-based method with 1000 steps, where
generating Tri-Vectors for a single shape takes around 10 seconds on a single RTX 4090 GPU. We
use the AdamW (Loshchilov & Hutter, 2019) optimizer with a fixed learning rate of 1e − 4 and
weight decay of 0 and incorporate an EMA (Exponential Moving Average) optimization strategy
with a weight decay of 0.9999. For reconstructing triangle mesh from Tri-Vectors, we use a spatial
resolution of 256 for querying and reconstruction, with each shape requiring approximately 0.2
seconds to process on a single RTX 4090 GPU. The model weights updated through EMA are used
for the data sampling.

Metrics. We use standard metrics to assess our Tri-Vectors models, comparing generated shapes Sg

to reference shapes Sr. We compute Chamfer Distance (CD) and Earth Mover’s Distance (EMD) for
shape comparison, and from these, derive Maximum Mean Discrepancy (MMD), Coverage (COV),
and 1-Nearest Neighbor Accuracy (1-NNA) to evaluate fidelity, diversity, and distributional similar-
ity. For the evaluation, we generate 2000 shapes and compare them to the validation set.

B NOVELTY ANALYSIS

We generate 500 tables using our method, for each table, we retrieve the most similar shape in
the training set by Chamfer Distance (CD), then, we plot the distribution of CDs for all retrievals.
Fig. 20 illustrates the details of the distribution and some samples of generated and retrieved shapes.
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C MORE APPLICATIONS

Tri-Vectors for textured shapes. We extend the Tri-Vectors framework to encode textured shapes
by jointly representing geometry and vertex colors. Specifically, vertex colors are modeled as sep-
arate fields for the R, G, and B channels, compressed using additional tri-vector sets. A textured
shape (Collins et al., 2022) is represented as STVC = {STV,SR,SG,SB}, where STV encodes the
geometry, and SR, SG, and SB represent the corresponding R, G, and B color fields. The texture is
treated as a continuous field aligned with the geometry, and each vertex’s color is reconstructed by
querying these fields at the corresponding spatial coordinates. For the color of any point in space,
we determine its nearest triangle on the ground truth shape and compute the projection of the point
onto that triangle. Knowing the colors of the triangle’s vertices from the ground truth, we interpolate
the color of the projection point using barycentric coordinates. This interpolated color is considered
the color of the corresponding point.

During optimization, the RGB color c(pj) at point pj is incorporated into the Tri-Vectors framework,
and the combined loss for both geometry and texture reconstruction is formulated as:

LTVC =

J∑
j=1

∥ŝ(pj)− s(pj)∥22 +
J∑

j=1

∥ĉ(pj)− c(pj)∥22 . (1)

Our Tri-Vectors compresses both geometry and texture into a compact, efficient format, enabling
high-fidelity texture reconstruction alongside accurate geometry recovery. Fig. 21 and Fig. 22
demonstrate more results about textured shape reconstructions using our Tri-Vectors.

In our experiments, we set the rank of the Tri-Vectors representation for geometry to 64 with a
resolution of 192, ensuring high-fidelity shape encoding. For each color channel (R, G, and B), we
use separate Tri-Vectors representations with a rank of 32 and a resolution of 192. The total number
of parameters required to represent a single textured shape is approximately 92K.

Tri-Vectors for deformable shapes. To handle deformable shapes, we extend Tri-Vectors into 4D
space, incorporating time as the fourth dimension. This extension enables the efficient encoding of
dynamic shapes by capturing both spatial and temporal deformations. The temporal component is
represented as an additional 1D vector corresponding to the time parameter t. Each point pj(t) is
thus characterized by its spatial coordinates and the temporal parameter t. The reconstruction of
deformable shapes is optimized by minimizing the following loss function:

Ldeform =

J∑
j=1

T∑
t=1

∥ŝ(pj(t))− s(pj(t))∥22 . (2)

The ŝ(pj(t)) represents the predicted SDF value at time t and s(pj(t)) is the ground truth SDF value
at time t. Fig. 23 shows the results for deformable shapes using Tri-Vectors.

In our experiments, we extend the original Tri-Vectors representation by incorporating an additional
temporal dimension into the geometry encoding. Specifically, we set the rank of the Tri-Vectors
representation to 128 with a resolution of 192. The total number of parameters required to represent
a single deformable shape in our framework is approximately 98K.

D MORE SHAPE LEARNING RESULTS

Fig. 3 and Fig. 4 show more results about shape reconstruction using Tri-Vectors with different
configurations. Fig. 5 demonstrates the reconstruction comparison between our Tri-Vectors and
other representations.

E MORE GENERATED RESULTS

Galleries of generated samples. Fig. 8, Fig. 9, Fig. 10, and Fig. 11 gallery the generated results
based on our Tri-Vectors on airplane, car, chair and table categories of ShapeNet dataset. Fig. 12,
Fig. 6, and Fig. 7 showcase the generative model results based on our Tri-Vectors on BuildingNet
dataset, highlighting the intricate internal and external structures of the generated buildings.
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Comparisons of generated samples with CD query. We present cross-method visual compar-
isons of generated samples using Chamfer Distance (CD) queries, for each shape, we uniform sam-
ple 2048 points on the surface. In Fig. 13, Fig. 15, Fig. 14, and Fig. 16, we use our generated
samples to query the closest samples generated by other methods on different categories. In Fig. 17,
Fig. 18, and Fig. 19, we use the generated samples by other methods to query the closest samples
generated by our method.

This analysis highlights the samples’ differences in geometric fidelity and structural detail between
our approach and other methods, demonstrating the effectiveness of Tri-Vectors for the shape gen-
erative task.

F LIMITATION AND FUTURE WORK

Limitation. While Tri-Vectors provides a compact and efficient 3D representation, its global CP
decomposition prioritizes large-scale structure over fine-grained spatial locality, limiting precise lo-
cal control in generative tasks. Imposing strong local constraints or detailed feature manipulation re-
mains challenging. A potential solution is adaptive basis refinement, allowing localized adjustments
while maintaining model compactness. Additionally, while Tri-Vectors is resolution-independent,
optimizing its expressiveness across different scales remains an open challenge.

Feature work. For future work, we seek to regularize and interpret tri-vector components for
more explicit shape control. Improving Tri-Vectors’ integration with deep generative models could
enable dynamic decomposition refinement during training. Further, extending Tri-Vectors to higher-
dimensional tasks, such as multi-object interactions, 4D dynamic scenes, and controllable physics
simulations, could expand its applicability while retaining efficiency.

G LLM USAGE STATEMENT

We used large language models only at the paragraph level to correct grammar, wording, and flu-
ency; they were not used to generate substantive scientific content, analyses, experimental design,
or interpretations.
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Figure 3: Reconstruction results from Tri-Vectors with different parameter counts (18K: rank=32,
resolution=192; 37K: rank=64, resolution=192; 98K: rank=128, resolution=256).
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Figure 4: Reconstruction results from Tri-Vectors with different parameter counts (18K: rank=32,
resolution=192; 37K: rank=64, resolution=192; 98K: rank=128, resolution=256).
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Figure 5: Reconstruction comparison between Tri-Vectors and other methods.
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Figure 6: Shapes generated by our method on BuildingNet Selvaraju et al. (2021) dataset, where
each shape is represented using 37K parameters (rank=64, resolution=192) with our Tri-Vectors.
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Figure 7: Shapes generated by our method on BuildingNet Selvaraju et al. (2021) dataset, where
each shape is represented using 37K parameters (rank=64, resolution=192) with our Tri-Vectors.
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Figure 8: Shapes generated by our method on airplane category, where each shape is represented
using 18K parameters (rank=32, resolution=192) with our Tri-Vectors.
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Figure 9: Shapes generated by our method on car category, where each shape is represented using
18K parameters (rank=32, resolution=192) with our Tri-Vectors.
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Figure 10: Shapes generated by our method on chair category, where each shape is represented
using 18K parameters (rank=32, resolution=192) with our Tri-Vectors.
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Figure 11: Shapes generated by our method on table category, where each shape is represented using
18K parameters (rank=32, resolution=192) with our Tri-Vectors.
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Figure 12: Shapes generated by our method on BuildingNet Selvaraju et al. (2021) dataset, where
each shape is represented using 37K parameters (rank=64, resolution=192) with our Tri-Vectors.
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Figure 13: Shapes generated by our method and shapes retrieved (CD query) form S2VS Zhang
et al. (2023), TP Shue et al. (2023), and NW Hui et al. (2022) on airplane category. The parameter
count used for representing each shape is indicated while S2VS is not specified due to its use of a
network-based compression mechanism.
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Figure 14: Shapes generated by our method and shapes retrieved (CD query) form S2VS Zhang
et al. (2023), TP Shue et al. (2023), and NW Hui et al. (2022) on chair category. The parameter
count used for representing each shape is indicated while S2VS is not specified due to its use of a
network-based compression mechanism.
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Figure 15: Shapes generated by our method and shapes retrieved (CD query) form S2VS Zhang
et al. (2023) and TP Shue et al. (2023) on car category. The parameter count used for representing
each shape is indicated while S2VS is not specified due to its use of a network-based compression
mechanism.
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Figure 16: Shapes generated by our method and shapes retrieved (CD query) form S2VS Zhang
et al. (2023) and NW Hui et al. (2022) on table category. The parameter count used for representing
each shape is indicated while S2VS is not specified due to its use of a network-based compression
mechanism.
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Figure 17: Shapes generated by TP Shue et al. (2023) and shapes retrieved (CD query) form our
generated samples on airplane, car, and chair categories. The parameter count used for representing
each shape is indicated.

Figure 18: Shapes generated by NW Hui et al. (2022) and shapes retrieved (CD query) form our
generated samples on airplane, chair, and chair categories. The parameter count used for represent-
ing each shape is indicated.
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Figure 19: Shapes generated by S2VS Zhang et al. (2023) and shapes retrieved (CD query) form our
generated samples on airplane, car, chair, and table categories.
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Figure 20: We generate 500 tables using our method; for each table, we retrieve the most similar
shape in the training set by Chamfer Distance (CD); then, we plot the distribution of CDs for all
retrievals. Orange means the shape generated by our method. Blue means the most similar shape
retrieved from training set.
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Figure 21: Reconstruction of textured shapes based on our Tri-Vectors, where each shape is repre-
sented with only 92K parameters.
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Figure 22: Reconstruction of textured shapes based on our Tri-Vectors, where each shape is repre-
sented with only 92K parameters.
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Figure 23: Reconstruction of deformable shapes based on our Tri-Vectors, where each shape is
represented with only 98K parameters.
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