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Abstract

Point clouds are widely used for 3D object representation
due to their simplicity and ability to capture real-world
geometry. However, their unstructured, sparse, and of-
ten noisy nature makes them less suitable for many down-
stream applications. 3D surface reconstruction, transform-
ing point clouds into continuous surface representations,
is crucial for practical workflows in fields like computer
graphics and engineering. Converting point clouds into im-
plicit functions, such as signed distance functions (SDFs),
offers advantages like high-resolution geometry and robust-
ness to noise. While classical methods like Poisson Surface
Reconstruction struggle with imperfect data, recent deep
learning approaches like Points2Surf handle these chal-
lenges by learning robust priors. Building on this, we pro-
pose Point2Weight, a novel model using a HyperNetwork to
predict the weights of an implicit function for a given in-
put point cloud. Furthermore, we have conducted several
ablation studies that build intuition about what the critical
factors are to achieving superior reconstruction results.

1. Motivation

Point clouds have become a widely used representation for
3D objects due to their simplicity, flexibility, and ability to
directly capture the geometry of real-world scenes. They
are commonly acquired from RGB-D sensors, structured-
light scanners, LiDAR systems, or even from smartphones
cameras, and serve as the raw output of many 3D scanning
pipelines. However, point clouds are inherently unstruc-
tured, sparse, and often noisy, which makes them less suit-
able for many downstream applications that require surface-
based or volumetric representations.

A key step in making point cloud data usable in practical
workflows is 3D surface reconstruction—transforming the
unstructured point cloud into a continuous representation of
the object’s surface. This process is crucial for a variety
of fields, including computer graphics and content creation,
archaeology, digital cultural heritage preservation, and en-
gineering. In these applications, point cloud scans (which
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may come from casual mobile devices or high-precision

laser scanners) must be converted into meshable represen-

tations for visualization, analysis, or fabrication.

One possible approach is to convert point clouds into im-
plicit functions, such as signed distance functions (SDFs) or
occupancy fields. These functions map 3D coordinates to
scalar values indicating whether a point is inside or outside
the surface. Implicit representations are particularly attrac-
tive because they naturally support high-resolution geome-
try, enable smooth surface reconstruction, and are amenable
to gradient-based optimization and learning. They can be
used to extract meshes via techniques like Marching Cubes,
and are more robust to noise and missing data than tradi-
tional methods.

Several classical methods exist for this task, such as
Poisson Surface Reconstruction [3], which attempts to fit
an implicit surface to a given set of oriented points. While
effective under ideal conditions, these techniques struggle
in the presence of real-world imperfections like incomplete
scans, sensor noise, or outliers. Common challenges when
working with raw point clouds.

To address these limitations, recent methods like
Points2Surf [2] have employed deep learning to learn ro-
bust priors over surface geometry. These models can better
handle imperfect input data and generalize across a range
of object categories. Following this direction, we propose
Point2Weight, a novel model that makes use of a Hyper-
Network to predict the weights of an implicit function for a
given input point cloud.

Our contributions are as follows:

* We introduce Point2Weight, a novel approach that lever-
ages a HyperNetwork to predict the weights of an MLP-
based implicit decoder from point cloud embeddings.

* We enable per-object positional encoding by having the
HyperNetwork also predict the parameters of a multi-
resolution hash grid.

* We pretrain a PointNet using a classification pretext task
to extract meaningful embeddings for conditioning the
HyperNetwork.

* We conduct a comprehensive evaluation on the ABC
dataset, demonstrating improved generalization and ro-
bustness to unseen and incomplete shapes.



2. State of the Art

Several strategies have been explored for surface recon-
struction and implicit representation learning from 3D point
clouds. In this section, we review classical geometry-
based methods, modern deep learning approaches, and re-
cent advancements in hypernetwork-driven models that re-
late closely to our proposed method.

Poisson Surface Reconstruction (PSR) [3] is a classi-
cal method that estimates a watertight surface by solving
a spatial Poisson problem using the point normals. While
efficient and robust to noise, standard PSR often struggles
with thin structures and complex topology.

To improve its flexibility, techniques such as PSR with
Envelope Constraints (PREC) [6] have been proposed.
These constraints help guide the reconstruction to better
preserve detailed features and avoid over-smoothing, espe-
cially in thin parts of the geometry.

Learning-based methods have emerged as powerful al-
ternatives for surface reconstruction from raw point clouds.
Points2Surf [2] introduced a deep implicit surface network
that learns local shape priors and generalizes well to unseen
geometries, allowing the model to output high-fidelity sur-
faces from raw point data.

More recently, HyperNetwork-based methods have
been proposed to enable better generalization and adaptabil-
ity across scenes or objects. HyP-NeRF [7] leverages hyper-
networks to learn NeRF priors across multiple scenes, gen-
erating scene-specific NeRF weights conditioned on learned
embeddings. This approach enables flexible reconstruction
without retraining from scratch for each scene and high-
lights the potential of HyperNetworks to generalize implicit
representations conditioned on input features.

Our proposed method builds upon these ideas by com-
bining implicit function learning with a HyperNetwork that
generates weights for both an MLP and a positional en-
coding module, tailored for each object. In contrast to
HyP-NeRF which operates on radiance fields, our work fo-
cuses on learning Signed Distance Functions (SDFs) di-
rectly from point clouds.

3. Methodology

This section presents an overview of our method. We de-
scribe the evolution from a simple MLP-based architecture
inspired by prior work to a hypernetwork based approach
that predicts both the decoder weights and positional en-
codings. We also explain the PointNet pretraining strategy
employed.

3.1. Learning Implicit Fields

Our initial approach was inspired by the architecture pre-
sented in Learning Implicit Field for Generative Shape
Modeling [1], which proposes using implicit fields for

learning generative models of shapes. This work introduced
an implicit field decoder, known as IM-NET, designed for
shape generation with the goal of enhancing the visual qual-
ity of generated shapes.

The core concept we adopted involved training a Multi-
Layer Perceptron (MLP) with a given object embedding.
This setup aimed to enable the model to learn multiple ob-
jects simultaneously and, ideally, to generalize to unseen
objects. We conducted various experiments, modifying the
MLP’s layer configurations, changing its objective to pre-
dict either the signed distance function or the occupancy
function, and altering the object embedding provided.

For embeddings, we experimented with both a pretrained
PointNet and a learned embedding. Due to GPU con-
straints, we were unable to fine-tune PointNet during the
main model’s optimization process. Consequently, object
features were precomputed, and the MLP was trained using
these static features.
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Figure 1. Arquitecture of our first attempt. Inspired from Chen
et Al. [1], this showcases an MLP whose input is an object em-
bedding e and the input coordinates to be decoded (x,y, z). The
output is the signal distance function value of the input position.

3.2. HyperNetwork

Following our initial attempts, we completely shifted our
approach by introducing hypernetworks. Hypernetworks
are neural networks that predict the weights of another net-
work, serving as a tool to add an extra layer of abstraction
to the model. This is because instead of directly learning a
fixed set of parameters that can work for any object, a hy-
pernetwork learns to generate those parameters, effectively
creating a specialized sub-network for each specific input
or condition. So, in this case, rather than giving the ob-
ject embedding to the main mlp like before, we now feed
this embedding to a hypernet that predicts the weights of
the mlp, and, therefore, this mlp is used as a container to
put the weights and allow backpropagation to go though the
pipeline, but what is actually being optimized is the hyper-
net.

The architecture can be seen in Figure 2. This second
approach gives better results than the previous one. Some
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Figure 2. Architecture of the best performing model. Given an object to encode, we compute an embedding using PointNet and feed it to a
hypernet. The hypernetwork then predicts the weights of a learned hash encoding and an MLP. This MLP corresponds to the main network
that will be used to encode/decode the object. Given an input coordinate (x, y, z) returns the signal distance function value that 3d object

should have in order to represent the given pointcloud.

results can be seen in Section 4. The hypernetwork consists
of an MLP of either 3 or 5 layers with hidden sizes of 256
or 512 respectively.

To counteract the common low-frequency bias observed
in neural networks, we incorporated positional encoding.
Our experiments indicated that a multi-resolution hash grid
encoding, as described in [5], performed best. A crucial fac-
tor in improving our results was enabling the hypernetwork
to also predict the weights for this multi-resolution hash grid
encoding. This is significant because if the weights were not
predicted by the hypernetwork, a single, common hash grid
encoding would be learned for all objects, thereby limiting
the model’s flexibility. By contrast, when the hypernetwork
predicts these weights, each new object benefits from its
own uniquely learned positional encoding, allowing for a
tailored fit in each case.

3.3. Embedding

We explored two primary approaches for generating object
embeddings, visually detailed in Figure 3.

Object-Based Embedding: This method utilizes a stan-
dard learned embedding implemented in PyTorch. Each
training example is assigned a unique ID, allowing the
model to optimize its corresponding embedding to best rep-
resent the object for subsequent processing. This approach
provides maximum flexibility for the model to learn object
representations tailored to the task. While effective for as-
sessing the architecture’s capacity to memorize all training
objects, a limitation of this method is its inability to decode

objects not encountered during training.

Point Cloud Based Embedding: In this case, we use a
PointNet pretrained using a pretext tasks (see Section 3.4).
These embeddings are precomputed before training, and the
PointNet is not optimized during training due to GPU limi-
tations.

This approach allows to decode objects that were not
seen during training and, ideally, would allow the model
to generalize to new objects.

Object Based Point Cloud Based

Figure 3. On the left, an object-based embedding, illustrating a Py-
Torch embedding where each training object is assigned a unique
ID, and the network learns the optimal embedding for each. On
the right, a Point Cloud-Based Embedding, where a pre-trained
PointNet is utilized to embed each object.

3.4. Pretext Task

To extract robust and generalizable object embeddings from
raw point clouds, we employed a pretext classification task
using the PointNet architecture [8]. Specifically, the net-
work was trained to classify 3D shapes from the Model-
Net40 dataset [9].

Dataset: ModelNet40 contains 12,311 CAD models
across 40 categories such as chairs, beds, monitors, etc. We
followed the standard train/test split, and preprocessed the



dataset into fixed-size point clouds containing 2048 points
per object, sampled uniformly from the surface mesh.

Training Setup: PointNet was trained with a standard
negative log-likelihood loss (‘NLLLoss*) for classification,
augmented with an orthogonality regularization term on the
learned spatial transformation matrices to ensure geometric
stability.

Results: The network achieved a classification accu-
racy of 85.14% on the ModelNet40 test set. The confu-
sion matrix (Figure 4) highlights minimal confusion be-
tween most classes. The main misclassifications occurred
between semantically and geometrically similar categories
such as flower pot vs. plant, and curtain vs. door.
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Figure 4. Confusion matrix on the ModelNet40 test set showing
an overall accuracy of 85.14%. Misclassifications occur primarily
between visually similar classes.

Embeddings Visualization: To assess the quality of the
learned embeddings, we projected the latent vectors ob-
tained into 2D using t-SNE. As shown in Figure 5, embed-
dings from the same class formed compact and separable
clusters, confirming that the network learned semantically
meaningful and discriminative representations, making it
suitable for downstream tasks such as object-specific hy-
pernetwork conditioning.

4. Experiments and Results

This section presents the experimental evaluation of our
proposed method for implicit function estimation using the
ABC dataset. We investigate various aspects of model per-
formance, including memorization capacity, generalization

Figure 5. t-SNE projection of PointNet embeddings on Model-
Net40 data. Each color corresponds to a different object category.

to unseen shapes, robustness to incomplete and noisy in-
puts, and computational cost.

4.1. Dataset

For the experiments of implicit function estimation, we
have used subsets of the ABC dataset [4]. This dataset is a
diverse collection of Computer-Aided Design (CAD) mod-
els for research on geometric deep learning methods and
applications. In Figure 6, some examples of the models
present in the ABC dataset can be seen, showing the di-

versity in the possible shapes.
geedreOa<C

By+odicrad

Figure 6. Some examples of ABC dataset models.

4.1.1. Sampling

To train a model to predict the implicit func-
tion—specifically, the signed distance function (SDF)—we
need to provide it with a set of query points and their
corresponding SDF values. These query points serve
as training data, allowing the model to learn the shape
represented by the SDF. A crucial step, then, is deciding
how to sample these query points from a mesh.
We explored two different sampling strategies:

¢ Random Sampling: query points are sampled uniformly
at random within a constrained region around the object.



* Proximity Sampling: 90% of points are sampled near the
object’s surface following a normal distribution centered
at the boundary, with a standard deviation of 0.2. The
remaining 10% of points are then sampled randomly from
a constrained region surrounding the object.

We chose to use proximity sampling, as it concentrates
more points near the object’s surface. This provides the
model with richer information about the object’s geome-
try, which is especially valuable when learning the SDF.
Figure 7 illustrates both sampling strategies used to extract
point clouds from a mesh.
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Figure 7. Visualization of the two sampling methods explored.

4.2. Memorization Capabilities

The first experiments done where focused in checking that
the architecture made was capable of memorizing more than
one object implicit function. This experiments started with
a few objects, between 5 and 20, until the model could
memorize all of them.

One key factor seen during these experiments was the
need to predict the grid hash encoding using the HyperNet-
work to be able to learn more detailed implicit functions,
and be able to learn very thin objects. As explain in Sec.
3, this addition helped the model tackle the low frequency
bias.

4.2.1. Training with 200 objects

Once we ensured that the architecture was capable of learn-
ing multiple objects we scaled up to a larger subset of ABC.
This subset contained 200 random objects sampled from the
ABC train set.

In this experiment we saw that the model could learn
almost perfectly all of the objects seen during training, even
those that had strange and thin shapes.

In Figure 8, we show some instances of the model’s
prediction and the corresponding ground truth. We only
show the points with values < 0 for visualization purposes.
Notice how the predicted query points within the object’s
boundaries (upper row) are close to the ground truth values
(lower row).

4.2.2. Training with 5050 objects

At this point we checked the effects of increasing the
amount of training data, as the target of this model is to
be able to generalize to unseen objects. In these experi-
ments, we saw that the model’s performance on the training
data was reduced. The model showed a bias towards low
frequencies in some objects, having smoothed corners, and
could not learn some small holes present in some objects.

In Figure 9, we can see some instances of this model
prediction and ther corresponding ground truth.

4.3. Generalization Capabilities

An important characteristic that we aimed for in this project
was that the model should be able to generalize to unseen
objects’ point clouds and estimate their implicit function
correctly.

To evaluate this generalization capability, we tested the
model on unseen objects and then visualized the predicted
implicit functions. As shown in Figure 10 the model cor-
rectly estimates the orientation of the screw, but it has some
minor errors across the object. At the same figure, we see
something similar happening in a ring-like object, where
the orientation is correctly estimated, but some errors occur
near the object boundaries.

4.4. Robustness

One of the goals of this project is to develop a method
that is more robust to noise and partial scans than tradi-
tional approaches, such as Poisson Surface Reconstruction.
Although we were unable to train the model with specific
data augmentations to enhance robustness, due to time con-
straints, we still wanted to assess whether the model’s in-
herent characteristics could provide some initial resilience
in these challenging scenarios.

4.4.1. Partial Scans

Traditional surface reconstruction methods struggle with
partially scanned objects, as they lack the ability to infer
whether missing regions are due to occlusions or actual
object boundaries since they do not incorporate external
knowledge or learned priors.

Our method could leverage information learned from the
training data to understand the shape and know when there
was a mistake when scanning the object. To test this idea,
we simulated some partial scans by removing points that lay
on one side of a manually set hyperplane.

During testing, we observed that in some
cases—particularly with symmetric objects—the model
was able to recognize partial scans and reconstruct shapes
that closely resembled the original geometry. This is
a highly desirable property for models of this kind, as
real-world 3D scans often suffer from incompleteness due



Figure 8. Four examples from the training set showing the ground truth and corresponding predictions of the model trained with only 200
objects. In each rectangle, the lower row displays the ground truth query points located within object boundaries, while the upper row
shows the model’s predictions.
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Figure 9. Four examples from the training set showing the ground truth and corresponding predictions of the model trained with 5050
objects. In each rectangle, the lower row displays the ground truth query points located within object boundaries, while the upper row
shows the model’s predictions.
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Figure 10. Example of the prediction of the model trained with 5050 objects, for two unseen validation objects point clouds. The lower
row displays the ground truth query points located within object boundaries, while the upper row shows the model’s predictions.



to occlusions or limited viewpoints during the scanning
process.

This behaviour could be further improved if augmen-
tations simulating these situations were performed during
training.

Figure 11. Visualization of a simulated partially scanned object
and the corresponding model output (Model trained with 5050 ob-
jects).

4.4.2. Noise

The appearance of noise in point clouds also poses prob-
lems for traditional methods. For a similar reason as before,
these methods cannot understand when a point is noise or,
is actually part of the object.

To simulate this situation in testing, we have added noise
to some point clouds and visualized the model behaviour. In
this case, we see a high degradation in the model outputs,
as can be seen in Figure 12.

We believe these results are due to the fact that no com-
ponent of the model—neither the PointNet encoder nor the
hypernetwork—was exposed to noisy point clouds during
training. As a result, the model lacks the ability to identify
or correct for noise. Adding augmentations of noise dur-
ing training would probably improve the robustness of the
model to these perturbations.

Pred: Left View Pred: Front View

Figure 12. Visualization of a generated noisy point cloud of an
object and the corresponding model output (Model trained with
5050 objects).

4.5. Computational Cost

So far, we have shown that predicting the hash grid encod-
ing through a hypernetwork, providing object-specific en-
coding instead of learning a single global encoding, leads to
better performance. However, this comes at the cost of an
increased number of learned parameters and a higher com-
putational load.
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Figure 13. Comparison of computational cost and performance on
the 200-object ABC subset between a global grid hash encoding
and object-specific grid hash encodings generated via the hyper-
network.

As shown in Figure 13, using individual encodings for
each object results in a model with approximately 10 times
more learned parameters and operations. Nevertheless, this
approach enables the model to achieve significantly better
performance, as reflected in the lower L1 loss values.

4.6. Training Details

Our best-performing model consists of a hypernetwork
composed of two MLPs: one dedicated to predicting the
weights of the main network and another responsible for
generating hash encodings. Both MLPs have four layers
with a hidden size of 512. We use a multi-resolution hash
grid encoding with 4 levels, a base resolution of 16, a tar-
get resolution of 2048, and a hashmap size of 15. This
transforms the 3D input coordinates (z,y, z) into a 256-
dimensional embedding.

For training, we use a learning rate of 5 x 10~ for en-
coding, 1 x 10~* for the hypernetwork, and 1 x 10~° for
the main network MLP. Optimization is performed using
AdamW, with a step learning rate scheduler (step size of 10
epochs, decay factor v = 0.5). We train with a batch size
of 20,000 for 500 epochs using 5,020 objects from the ABC
dataset. Training was completed in approximately 24 hours
on an NVIDIA RTX 4090 GPU.

The final model comprises approximately 1.014 billion
parameters and requires 2,020 MFLOPs for a single forward
pass.



5. Conclusions

In this work, we presented a HyperNetwork-based approach
for implicit function estimation from 3D point clouds. By
conditioning both the weights of an MLP and a multi-
resolution hash grid encoder on a PointNet-derived object
embedding, our method effectively reconstructs accurate
signed distance functions tailored to each object.

We demonstrated that the architecture could memorize
and reconstruct a large number of training objects with
diverse shapes. Moreover, our approach showed promis-
ing generalization to unseen validation objects, success-
fully estimating their implicit representations without re-
training. Early experiments also revealed encouraging ro-
bustness against noise and partial scans.

Key factors contributing to our model’s success include
proximity sampling, which better captures object surfaces,
and the generation of object-specific encodings via the Hy-
perNetwork, helping to overcome the low-frequency bias
common in neural networks.

As future work, we plan to explore: (i) combining mul-
tiple datasets to enhance shape diversity, (ii) incorporating
noise and partial scans transformations to training data to
improve robustness and generalization, and (iii) fine-tuning
PointNet embeddings jointly with the HyperNetwork to bet-
ter adapt to reconstruction tasks. Additionally, investigating
alternative point cloud processing architectures like Point-
Transformer could further boost representation quality and
model flexibility.
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