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Abstract

Neural fields have emerged as a powerful representation for 3D geometry, enabling
compact and continuous modeling of complex shapes. Despite their expressive
power, manipulating neural fields in a controlled and accurate manner — particu-
larly under spatial constraints — remains an open challenge, as existing approaches
struggle to balance surface quality, robustness, and efficiency. We address this by
introducing a novel method for handle-guided neural field deformation, which lever-
ages discrete local surface representations to optimize the As-Rigid-As-Possible
deformation energy. To this end, we propose the local patch mesh representation,
which discretizes level sets of a neural signed distance field by projecting and
deforming flat mesh patches guided solely by the SDF and its gradient. We conduct
a comprehensive evaluation showing that our method consistently outperforms
baselines in deformation quality, robustness, and computational efficiency. We also
present experiments that motivate our choice of discretization over marching cubes.
By bridging classical geometry processing and neural representations through local
patch meshing, our work enables scalable, high-quality deformation of neural fields
and paves the way for extending other geometric tasks to neural domains.

1 Introduction

Implicit representations—where a surface is defined not explicitly but, for example, as the zero level
set of a signed distance function—have long been used in computer graphics. However, they have
recently gained renewed attention, particularly due to advances in neural rendering techniques such
as NeRF [36]. Neural fields provide a compact representation for implicit representations in the
weights of a neural network, and offer several advantages: they support flexible topology, avoid
predefined discretization, and integrate naturally with gradient-based optimization methods. These
properties make neural fields well-suited for reconstruction tasks. As this representation becomes
more widespread, the demand for tools that enable direct analysis and manipulation of implicit
surfaces continues to grow.

The traditional representation used in geometry processing applications is the polygonal mesh, in
which the surface is explicitly modelled by a collection of connected polygons. This representation
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Figure 1: Given a neural surface and deformation handles, we employ our local patch mesh represen-
tation to optimize a neural deformation field via the ARAP loss. Our method introduces significant
improvements over previous state of the art while employing 0:75% of the time. We show the nor-
malized change in edge lengths (before/after deformation) as a colormap on the deformed surfaces.

provides a high level of interpretability and allows for fine-grained manipulation by artists. Addi-
tionally, local surface properties can be easily computed because the neighborhood information is
explicitly encoded. Due to its wide adoption and easy manipulation, a number of editing methods
have been developed for explicit representations: one of them is optimizing the as-rigid-possible
(ARAP) energy to deform an object while satisfying user-defined handle constraints and at the same
time preserving the surface geometry (in terms of its edges) to a reasonable extent. This yields natural
deformations and has been widely adapted in various applications [[7 37, 23]].

Evaluating energies such as ARAP directly on implicit surfaces is challenging: properties like edge
lengths cannot be computed without applying a discretization scheme, and equivalent properties do
not necessarily exist for isosurfaces. Alternating between both representations is certainly possible
[35]], but it is expensive and inherits the sensitivity to discretization choices [S7]. To counter this, we
propose a new patch-based meshing for implicit representations which is 1) efficient to compute even
at high resolution, 2) not sensitive to the specific choice of discretization, and 3) can be used on all
isosurfaces to cover the complete geometric information of the neural field. Along with local patch
meshing, our work proposes multiple other significant contributions:

» Extending the ARAP estimation of the thin-shell energy to neural representations;
* Providing an efficient method for handle-guided deformation of neural fields (see Figure[I);

* Introducing a robust and efficient alternative for deforming high-resolution meshes.

2 Related work

Handle-Based Deformations Mesh-based shape editing methods have a long history in geometry
processing due to the wide acceptance and explicit representation of meshes [58,16]. Among these,
methods which use handles to indicate the preferred deformation are intuitive for human users
to understand and generate. The as-rigid-as-possible (ARAP) energy [S1] has become popular
due to its straight-forward interpretation and easy optimization while satisfying handle constraints.
However, while not complex, its global nature still prevents processing of high-resolution shapes and
is sensitive to the mesh discretization. The second aspect was overcome in SR-ARAP [26] with a
smoothed and rotation-enhanced ARAP version. While the rigid version is widely used in variety of
applications [7, 37,123}, there exist similar formulations other energies related to shape deformation,
for example conformal [42,155] and elastic deformation energies [9]. Instead of using a pre-defined
physical energy, it is also possible to learn a set of handles from a collection of shapes [29| |41]].
However, these require a suitable set of training data and are restricted to the space of deformations
learned initially.

The idea of parametrizing shape deformations with neural networks has been previously explored
in recent research: two contributions which are particularly close to our work are Neural Jacobian
Fields [2]] and Neural Shape Deformation Priors [53]. NFJ is a mesh morphing (i.e., transfer of pose
between two given shapes) model which can be trained to inject several different priors, including
ARAP deformations. NSDP, on the other hand, is a data-driven handle-based mesh deformation



model. While it allows for very fast deformation of low/medium-resolution meshes, it is limited
to the deformation prior and the handle set observed in the training data, limitations overcome by
Implicit-ARAP.

While all these methods are designed for polygonal meshes, there are various types of shape represen-
tations for which other types of deformation approaches are better suited. One such example which is
especially relevant to our work is spatial deformation tasks, which apply to solid m@dégs],

radial basis functions [5] or cages for character animatioh [24].

Neural Fields Editing Energies like ARAP act directly on surface deformations, making them
naturally suited to explicit representations such as triangle meshes. In contrast, editing implicit
surfaces is more challenging due to their global coupling — local changes to the surface can affect
distant regions of the eld. Even locating the surface in space can be non-trivial without certain
assumptions. The recent popularity of NeRF-like methB@kHas renewed interest in integrating
deformations into implicit frameworks. Dynamic NeRFs have been implemented by introducing
a time paramete#p] or optimizing deformation elds§]. Other works modify the MLP weights

of neural elds to generatel[7] or edit [3] shapes directly, though this lacks ef cient formulations

of explicit energies like ARAP and leads to slow optimization. Mehta €84l alternate between
explicit and implicit representations to enable deformations, but require costly conversions at each
step. Novello et al[39] supports diverse deformations but lacks handle-based constraints. Neural
elds with spatial features allow shape editing through feature-space interpol@tpt][ Similarly

to our approach, Esturo et §l.8] optimize all isosurfaces simultaneously using divergence-free elds

— an approach also applicable beyond implicit functidrg.[Recent work 14] shows cage-based
deformations can be modeled with neural elds by learning mappings to barycentric coordinates.
Text-driven editing of implicit or hybrid representations (e.g., Gaussian splatting) has also been
explored [30, 56, 19, 10, 40].

The method closest to ours, due to Yang e{%f], optimizes deformation losses sampled from
implicit representations but is highly inef cient, requiring several hours. In contrast, we leverage
full neural eld information ef ciently by using small, randomly placed discrete patches. Our use of
mesh-based ARAP objectives is supported 1i},[which highlights issues with higher-order neural
eld derivatives, and [28], which advocates nite differences over analytical gradients.

Other efforts to simplify local SDF representations include enhancing marching cubes with Bézier
patches$4] and composing surfaces from implicit primitive3l]. However, unlike our approach,
these methods do not yield local representations that are both explicit and structurally simple.

3 Method

Our method employs a local patch model (Sec. 3.1) to sample the surface of a neural signed
distance eld, which is then deformed according to an ARAP-like energy (Sec. 3.2) with an ef cient
optimization scheme (Sec. 3.3).

3.1 Local patch meshing

Given a 3D surfac8 represented implicitly by a neural signed distance £ld R® ! R, we require

a discrete local representation in order to compute the ARAP energy induced by a given deformation
eld d: R®! RS. We achieve this by generating local patchesnoitipleisosurfaces of . The
procedure is separated into sampling and projection:

Sampling. We start by samplings pointsV = fvy; g‘_, from a disk with radius on the 2D

plane (including the origin) and computing the planar Delaunay triangulation. There are several
possible distributions to sample the 2D disk: we describe and visualize some possible options in
the supplementary material. However, our experiments showed that the particular choice has little
in uence on our method, as we show in Figure 9.

Projection. Once we obtain the 2D patdh = (V;F), we can discretize each isosurface by
projecting the patch and tting it to the local geometry. To that end, we approximate a uniform
sampling ofn pointsO = fo gL, from the zero level seBy using the rejection/projection algorithm
proposed by Yang et a)57]. Additionally, we sample points from other level sets by sampling
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