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Abstract
Real-world 3D scans often suffer from missing geometry, requiring automated shape completion. However,
current volumetric models rely on dense grids, creating a severe memory bottleneck that limits resolution.
To overcome this, we propose a dual-branch diffusion framework that operates on a sparse Signed Distance
Field representation. The model is trained entirely in a self-supervised manner by dynamically simulating
occlusions on complete 3D shapes. We validate our solution against a dense state-of-the-art baseline. Our
least aggressive variant matches baseline performance while reducing active voxels by 36%, and pushing
this reduction to 54% yields only a modest 5.05 points drop inm-IoU. Ultimately, this efficiency enables us to
double spatial resolution to 643, capturing finer details under the same VRAM budget.
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1. Introduction
Modern 3D scanning is highly accessible, driving rapid
adoption across robotics, medicine, and other fields.
However, these tools are inherently imperfect, often
suffering from missing geometry that necessitates re-
pair before downstream use. Because manual repair
of broken meshes is exceedingly slow and expensive at
scale, there is a critical need for automated reconstruc-
tion pipelines that can reliably infer missing structure.

The core task of shape completion is to automatically
generate missing 3D geometry from a partial scan. The
central challenge of developing a practical solution to
this problem is twofold:

1. Geometric Plausibility: The method must fill
missing regions while remaining structurally con-
sistent and plausible in the global context.

2. Computational Efficiency: Since 3D data scales
cubically, the solution must keep memory usage
low enough to support high-resolution details.

Current state-of-the-art methods often compromise
between these two goals. Volumetric models such as
DiffComplete [1] produce high-quality results but use
dense voxel grids, causing a severe resolution bottle-
neck. Approaches like ShapeFormer [2] and SC-Diff [3]
mitigate this by compressing 3D data into a latent space,
but their reconstruction quality depends strongly on a

pre-trained autoencoder’s capacity. Alternatively, Yariv
et al. [4] recently introduced Mosaic-SDF, a localized
representation for unconditional generation, which, al-
though targeting a different task, inspires the sparse
representation in our completion pipeline.

The proposed solution is a dual-branch diffusion frame-
work operating exclusively on a sparse approximation
of a Signed Distance Field representation. To overcome
the difficulty of acquiring real-world paired scans, we
train the model in a self-supervised manner. By simulat-
ing occlusions on complete 3D models, the framework
is able to generate infinite synthetic training pairs.

The contributions of this work are as follows. We suc-
cessfully adapted the modern EDM diffusion formula-
tion by Karras et al. [5] to operate natively on sparse
3D data using sparse convolutions [6], significantly im-
proving sampling efficiency. This optimization further
enables our framework to double the spatial resolu-
tion to 643 compared to the baseline derived from Diff-
Complete. This allows for the reconstruction of much
higher detail on the same hardware.

2. Surface-Centric SDF Representation
To process 3D shapes with a neural network, we first
need to mathematically represent them. We utilize a
SignedDistance Function (SDF), which simply measures
the shortest distance from any given point in space to
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the object’s surface, as defined in Equation 1 .

However, to feed this continuous implicit representa-
tion into a deep learning model, we must discretize it
into a grid. As illustrated by Figure 1 , there are two
approaches to this discretization. The standard volu-
metric method seen in Figure 1a evaluates the SDF
uniformly across a dense bounding box, wasting mas-
sive amounts of compute on empty air.
Our solution is to discretize the space selectively. By
implementing a sparse grid Figure 1b , we compute
values strictly within a narrow surface boundary. This
eliminates redundant processing, reducing the mem-
ory footprint drastically and enabling the network to
scale to higher resolutions.

3. Simulate Holes to Repair Them
Training deep learning models requires large datasets.
For shape completion, this means needing a complete
3D model paired with its broken counterpart. Because
such datasets are incredibly difficult to capture in the
real world, we sidestepped this limitation using a self-
supervised approach.
We begin with a curated subset of roughly 6,000 com-
plete furniture models from the Objaverse [7] dataset.
As illustrated in Figure 2 , we dynamically subtract
chunks from these shapes using geometric primitives
such as spheres or boxes, additionally perturbed by
Perlin noise. This specific noise addition is critical be-
cause it more closely mimics the irregular patterns of
real-world sensor occlusions.
By algorithmically damaging complete shapes on the
fly, we generate the exact input-output pairs the net-
work needs. This also yields a far greater variety of
inputs than traditional completion datasets [8] and
state-of-the-art approaches [1, 2, 9] that precompute a
fixed set of damaged versions per object.

4. Dual-Branch Diffusion Framework

As can be seen in Figure 3 , the proposed neural archi-
tecture builds upon the foundations of DiffComplete by
incorporating a ControlNet-style [10] Condition Branch
for separate partial input processing.
However, utilizing sparse convolutions introduces a
unique challenge – the network cannot create geome-
try outside of its predefined active voxel coordinates.
To address this, we use an interactive user-guided mech-
anism. The user draws a rough bounding area indicat-
ing the general location of the missing region. This
bounding volume, combined with the partial input
scan, defines the network’s so called operational space.

After the initial preprocessing convolutions (denoted
as ψx and ψc in Figure 3 ), the Condition Branch en-
codes known geometry from the partial scan, while
the Main Branch synthesizes missing structure within
the defined area. After the diffusion process iteratively
refines the completed sparse SDF, we use Marching
Cubes to extract the repaired mesh.

5. Qualitative and Quantitative Results

Although qualitative 643 results can be seen through-
out the poster, our initial experiments first validated
the sparse approach at the baseline resolution of 323.

In Table 1 , m-IoU measures volumetric overlap be-
tween a prediction and ground truth in the missing
region. Chamfer Distance (CD) measures similarity be-
tween two sampled point clouds, and F-Score is the
harmonic mean of surface precision (accuracy of gener-
ated geometry) and recall (recovered true geometry).

To assess the memory–quality trade-off, we varied the
cutoff distance dc, which sets the width of the sparse
surface boundary. The active voxel percentage shows
the fraction of the grid stored in memory relative to a
fully dense volume. As shown in Table 1 , our Accu-
rate variant matches the DiffComplete baseline while
discarding 36% of the grid computations. Pushing this
efficiency to the limit, our Efficient variant increases
memory savings to 54% while remaining competitive.

6. Conclusions
This work proposes a diffusion-based approach for 3D
shape completion, directly addressing the memory bot-
tleneck of dense grids by operating on sparse SDFs.

Beyond integrating modern literature advances and a
more diverse data approach, this architectural shift lets
us double the resolution of the 2023 state-of-the-art
DiffComplete baseline within the same VRAM budget.

6.1 Future Work
Although the proposed solution shows respectable re-
sults, there is still room for improvement. Sampling
efficiency could be increased by adopting the novel
Flow Matching [11] paradigm. It would also be valu-
able to evaluate the method on different data, such
as cranial implants or other medical data, a direction
currently under discussion with the supervisor.
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