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Figure 1: Novel shapes generated with our proposed method

Abstract
The recent explosion in research on 3D generative AI has shown
that learning based editing methods can generate a wide range of
shapes in an intuitive and low effort manner. However, current
methods show limited local editing control due to the coarse shape
representations they are based on, as well as shared or propagated
geometry information propagating deformations to a larger region.
Methods for theoretically unlimited fine editing exist, however they
generally lack shape understanding, which is essential for reduc-
ing the effort involved in 3D shape editing. We propose a flexible
shape representation in combination with an editing procedure to
produce theoretically arbitrary fine local edits with learned shape
understanding. Our work builds upon the learning based shape

representation and generation method SPAGHETTI, which enables
meaningful part mixing and interpolation. Our method enables
the selection of a local surface region, which can be transferred
through mixing or interpolation to a target shape guided by learned
semantics. To empirically assess the locality of edits, we propose a
new metric, which we use to conduct experiments on two baseline
local shape mixing and interpolation methods. Our locality met-
ric and surface displacement visualizations show that our method
achieves more localized edits than the baseline methods, which
yield significant deformation propagation.

1



Keywords
local shape editing, 3D shape generation, neural implicit represen-
tations

1 Introduction
A wide range of fields including robotics, computer graphics and
product design rely on 3D modeling applications to generate 3D
models. A common goal for 3D shape generation is to produce
high-quality shapes that realize the creator’s vision as quickly, ac-
curately and effortlessly as possible [19]. Traditional 3D modeling
applications offer precise control, but generally require significant
manual effort and expertise. Learning-based 3D generative methods
address this by generating shapes that adhere to learned geometric
and structural priors, enabling intuitive editing with minimal input
[32].
Recent editing methods learn to disentangle and represent shape
information, such as local geometry or structure, able to control
them within the shape generation pipeline during inference [11],
[13], [15]. Such disentangled and controllable shape representations
enable novel combinations beyond the training distribution, such as
mixing and interpolating local geometry with smooth transitions.
However, these methods are limited by the resolution of spatial
decomposition in their representations. For example, in part-based
models the fineness of editing is limited to the size of decomposed
parts and sharing information between parts can cause edits to
propagate beyond the intended region, as seen in our experiments
(Figure 6, Figure 7). To fully realize a creator’s specific vision, these
models require a shape representation that encodes shapes as finer
local surface regions, enabling finer editing control.

In this work, we present, to the best of our knowledge, the first
learning-based feature transfer method whose editing fineness is
only limited by the size of intermediate surface geometry of se-
lected donor and base surface, supporting arbitrary small surface
selections. Concretely, even the finest details can be transferred
while avoiding deformation outside the selected surface regions.
Our method builds on SPAGHETTI [11], which introduces part-
aware shape editing, including partmixing and interpolation, through
unsupervised part decomposition and part information sharing.
In SPAGHETTI, each shape is decomposed and processed by a
transformer-based mixing network to produce contextual embed-
dings 𝑍𝑐 . The occupancy of a query coordinate is predicted with a
transformer and MLP based decoder with contextual embeddings
as input. By weighting the transformer output on a part level for
two shapes, part mixing and interpolation is achieved.

To edit at a finer scale than the decomposed parts, our method
introduces a part weight field to control the strength of a donor and
base surface feature. Instead of using a single uniform part inter-
polation weight encoding part interpolation over the full 𝑅3 query
domain, we enable the varying of part weights per query coordi-
nate. As a result, the decoder input at arbitrary scale regions can
be selectively controlled, enabling edits at any scale. For example,
rather than interpolating a full part, such as a car door with a mirror,
our method can localize the interpolation to only the mirror region,

leaving the rest of the door unchanged. We introduce two mech-
anisms for selecting a local donor surface region and specifying
transfer strength, together with a blending field update procedure
that transfers donor features to the semantically corresponding and
spatially localized base shape region.
To evaluate the largely unexplored aspect of edit locality, we in-
troduce a new metric in Section 5 capturing the locality of surface
deformations as result of an edit. Using this metric we perform
quantitative experiments to compare our proposed method against
the two baseline feature transfer methods SPAGHETTI [11] and
Neural Wavelet (2024) [13] in section 6 showing that our method
performs more local edits than the baseline methods. Additionally
we visually compare the regions and propagation of edits between
methods by visualizing the surface displacements per surface point.
We list the following contributions: (i) A quantitative edit locality
metric for assessing how spatially constrained an edit is in 3D shape
manipulation tasks. (ii) A quantitative and qualitative analysis of
edit locality on two baseline methods [11], [13], and our proposed
method, performing measurements on each method using our pro-
posedmetric, and visualizing how edits can propagate deformations.
(iii) A new semantically guided local shape editing method, with
edit locality limited only by the surface displacement between the
transferred feature and the corresponding target region.

2 Related Work
Since neural implicit fields were first introduced to represent 3D
shapes [25], [7], [22] a wide range of neural shape representations
[29], [26] and shape editingmethods [32], [26] have been introduced
in the field of 3D generative AI. At their core, editing methods are
shape generation methods in which an intuitive input, such as a
selected surface point translation or spatial mask selecting a shape
region, directly controls the generated shape representation.

2.1 Shape Representations
Early neural implicit field methods generally model the distribution
of training shapes with an encoder–decoder framework, where an
encoder maps a shape to a latent code and a decoder generates
the implicit field representing the corresponding shape. Training
to reconstruct a set of shapes results in a manifold of latent codes
in latent space which generate valid shapes, with similar shapes
embedded close together and latent codes encoding common in-
terpretable shape features [25], [7], [22]. This enabled smooth and
meaningful interpolating of latent codes and thus shapes, interpolat-
ing between full shapes generating novel shapes not present in the
discrete training set. However, these shapes remained constrained
to producing variations of known entangled global structures and
geometry present in the training data, thus not directly presenting
novel editing methods beyond global shape interpolation.
To enable more expressive and controlled manipulation, new flexi-
ble, disentangled and localized shape representations were intro-
duced by disentangling parts [9], describing geometry locally [17],
[16], [27], separating structure or pose from geometry [9], [23], [24]
or separating levels of detail [10], [30], [16].
While several representations disentangle shapes into local regions
to support editing, their decomposition fineness remains limited
in practice. Part-based methods such as LDIF [9] fix the number of
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parts during training, where increasing part count risks breaking
semantic consistency and raises memory and computational costs,
whereas grid-based methods such as Neural Wavelet (2022) [16]
scale cubically in memory and computation with grid resolution.

2.2 Shape Editing Methods
Several shape representations are trained with manually disen-
tangled parameters as input, such as joint angles [24] or pose pa-
rameters [1], [23]. Others require less supervision to disentangle
features, such as ImFace [33] able to disentangle facial expression
and identity information for each face only requiring a label indicat-
ing a face has a neutral expression during training. Shape editing
then simplifies to adjusting the input parameters or interpolating
features partly disentangled before training, however this requires
costly manual labeling.

Several editing methods apply traditionally editing concepts to
neural implicit fields, deforming a shape by translating the query
coordinate input, such as cage-based deformation [31], linear blend
skinning [23] or ARAP based editing [2].
To intuitively control the global latent code representation of a
shape DualSDF [10] uses a coarse shape representation defined by
spheres which can be intuitively scaled and transformed. By con-
necting the coarse representation with the detailed representation,
the fine shape can be adjusted through simple sphere adjustments.
To incorporate semantics in the global shape editing process, DIF-
Net [8] generates shapes by learning to translate a queried point to
its semantically corresponding location on a shared template field,
which learns all possible structures, combined with a correction to
the SDF output of the template field to enable and disable structures.

SPAGHETTI [11] builds on the LDIF [9] shape representation which
decomposes a shape into 16 parts and disentangles structural infor-
mation (part position, orientation and scale) from normalized part
geometry. By sharing information between parts after this part de-
composition and structure-geometry disentanglement, SPAGHETTI
can plausibly mix and interpolate parts, generating novel part com-
binations as well as translating, rotating and scaling the shape at
the learned part level. Both the part decomposition and structure-
geometry disentanglement enable generation of shapes not present
in the global shape distribution of the training data. The locality
of edits remains limited by the size of decomposed parts as well as
part edits propagating due to part information sharing.
To perform more fine-grained editing, Neural Wavelet (2024) [13]
proposes a new local shape mixing and interpolating method on
the grid-based representation Neural Wavelet (2022) [16] which
encodes local geometry as wavelets encoded with 46 by 46 by 46
coarse wavelet coefficients. After selecting local regions of two
shapes to keep or replace, the diffusion based mixing and interpo-
lation procedure generates new wavelet coefficients incorporating
the local regions to keep. The locality of the edit is limited by the
resolution of the coarse coefficient grid and scale of represented
wavelets with additional deformation propagation due to the de-
noising process. Building further upon Neural Wavelet [16], [13],
CNS-Edit [15] introduces more edit operations on a single shape as

well as a new semantically aware coupled neural shape representa-
tion for more intuitive and deeper shape understanding, but lacks
mixing and interpolation between multiple shapes.

Several neural editing methods do not rely on the modeling of
shape distributions to guide the shape editing process and solely
optimize latent or network parameters to a geometric input such as
a surface displacement [3], [28]. Without learning from a training
set of valid shape samples, these methods lack meaningful shape
understanding lacking the guidance to reduce required manual ef-
fort and expertise. However, these methods present theoretically
unlimited editing fineness by adding more sampling points during
edits capturing higher resolution details, as well as giving higher
expressiveness due to the geometric edits not being limited to the
features seen in a finite training set.
As a result, existing methods either offer intuitive, learning-based
editing with limited locality or fine geometric control without
learning-based guidance.

2.3 Edit Metrics
The performance of a 3D shape editing method depends on its ap-
plication as well as having various aspects such as expressiveness,
quality and control each requiring its own metrics.
Tomeasure the ability to generate diverse shapes without collapsing
to a small subset of modes, the coverage of a training set distribution
is typically measured using Coverage (Cov), Minimum Matching
Distance (MMD), 1-Nearest Neighbor Accuracy (1-NNA) [21] as
well as Edge Count Difference (ECD) [17], which all rely on widely
known similarity scores such as Chamfer Distance (CD) and Earth
Mover’s Distance (EMD).

Currently there is no widely used metric to represent the abil-
ity to generate novel shapes further away from the training data
distribution. However, while having high coverage, Neural wavelet
(2022) [16] report the LFD [6] similarity score between generated
shapes and the nearest training data sample. With high LFD scores
indicating shapes being further from the training set, higher novelty
can be indicated, as was visually confirmed with novel but plausible
shapes combining plausible local structures and geometries.
To asses the (visual) quality of edited shapes, commonly rendered
images from the shape are assessed on metric such as Fréchet In-
ception Distance (FID) [12], shading-based S-FID [34] and Kernel
Inception Distance (KID) [4]. Additionally CNS-Edit [15] performs
a survey with the Quality Score (QS) metric reflecting visual appeal
proposed by Hu et al. [14].

Control is a critical yet underexplored aspect of shape editing. CNS-
Edit [15] utilizes the Matching Score (MS) [14], which measures
how well edits match user intent. While this provides valuable
insight into a user’s perceived control, it is subjective and lacks
quantitative precision.
An essential part of control is spatial control: the ability to restrict
edits to specific regions without unintended changes elsewhere. De-
spite its importance, no widely used metric exists to assess spatial
precision in neural shape editing. To address this gap, we propose
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an edit locality metric, providing the first quantitative measure of
spatial control in 3D shape editing.

3 Problem Definition
We define a watertight shape as a surface that separates inside and
outside regions in R3. The surface is defined by the set of points
𝑆 = {p ∈ R3 | 𝑓 (p) = 𝑡}, where 𝑓 : R3 → R is an implicit field
assigning a scalar value 𝑠 to each 3D query point p. Here 𝑠 represents
the probability of being inside the shape (occupancy) or the signed
distance to the closest surface (negative inside and positive outside
the shape). The iso-value 𝑡 defines which associated points lay
on the surface, with 𝑡 = 0 for signed distance fields and 𝑡 = 0.5
for occupancy fields. The inside and outside regions are given by
Ωin = {p ∈ R3 | 𝑓 (p) < 𝑡} and Ωout = {p ∈ R3 | 𝑓 (p) > 𝑡}.
Modifying the output values of 𝑓 (p) near the surface induces local
deformations and thus defines shape edits.

3.1 Local Shape Editing
We define local shape editing as replacing values of a base implicit
field 𝑓𝑏 (p𝑏 ) with values of an insert implicit field 𝑓𝑖 (p𝑖 ) within a
bounded spatial region 𝑉𝑟 leaving the surface outside this region
unaffected, as shown in Figure 2. As a result the base (original)
surface 𝑆𝑏 = {p ∈ R3 | 𝑓𝑏 (p𝑏 ) = 𝑡} is locally deformed. The
coordinate system of 𝑓𝑏 is the global frame 𝐹𝑏 and 𝑓𝑖 is defined in
its own frame 𝐹𝑖 , with query points p𝑏 and p𝑖 expressed in their
respective frames.
The edit region is specified by a bounding volume

𝑉𝑟 = {p ∈ R3 | 𝑔(p𝑟 ) = 1}, (1)

where 𝑔 : R3 → [0, 1] is a scalar indicator function in the replace-
ment frame 𝐹𝑟 and p𝑟 = 𝑇𝑏𝑟p𝑏 is the transformed query point from
the base to replacement field. By aligning the replacement frame
𝐹𝑟 and 𝐹𝑖 , the edited implicit field is defined as:

𝑓𝑒 (p𝑏 ) =
{
𝑓𝑖 (𝑇𝑏𝑟p𝑏 ), p𝑏 ∈ 𝑉𝑟

𝑓𝑏 (p𝑏 ), p𝑏 ∉ 𝑉𝑟
(2)

To guarantee that 𝑓𝑒 defines a continuous watertight surface, dis-
continuities are not allowed, therefore the base and insert surfaces
must coincide along the boundary of 𝑉𝑟 , defining a shared edge 𝐸:

𝐸 = {𝛿𝑉𝑟 ∩ 𝑆𝑏 } = {𝛿𝑉𝑟 ∩ 𝑆𝑖 } (3)

where 𝑆𝑖 = {p ∈ R3 | 𝑓𝑖 (p𝑖 ) = 𝑡}. Additionally, inside/outside
orientation must be preserved at the shared edge 𝐸.

⟨∇𝑓𝑏 (p𝑏 ),∇𝑓𝑖 (𝑇𝑏𝑟p𝑏 )⟩ > 0, p𝑏 ∈ 𝐸. (4)

When no frame is indicated and subscripts are omitted, query points
are expressed in the global base frame 𝐹𝑏 .

3.2 Local Shape Mixing
Local shape mixing combines local surfaces from different shapes
into a single new shape. It can be expressed as a special case of
local shape editing where the insert field 𝑓𝑖 (p𝑖 ) is defined as a local
region of a donor field 𝑓𝑑 (p𝑑 ) representing a local region of a donor
surface 𝑆𝑑 = {p ∈ R3 | 𝑓𝑑 (p𝑑 ) = 𝑡} as visualized in Figure 2b.
Formally, 𝑓𝑖 (p𝑖 ) = 𝑓𝑑 (𝑇𝑖𝑑𝑇𝑏𝑟p𝑏 ), where p𝑏 ∈ 𝑉𝑖 , 𝐹𝑖 is a frame de-
fined relative to the donor frame 𝐹𝑑 , and𝑇𝑖𝑑 transforms coordinates
from 𝐹𝑖 into 𝐹𝑑 . By adjusting 𝐹𝑖 , different local features of the donor
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Figure 2: Local shape mixing by inserting a donor patch into
a base shape within a bounded region. A transition volume
ensures smooth blending between base and donor surfaces.

surface 𝑆𝑑 can be selected for insertion into the base.
Enforcing the edge constraint from Equation (3) restricts valid edits
to cases where 𝛿𝑉𝑟 ∩ 𝑆𝑖 = 𝛿𝑉𝑟 ∩ 𝑆𝑏 . In practice, many donor shapes
do not contain a surface patch that exactly satisfies this condition.
To increase flexibility, we introduce a transition region 𝑉𝑡 and tran-
sition field 𝑓𝑡 (p𝑖 ) defined in 𝐹𝑖 that smoothly interpolates between
the base and donor surfaces inside the bounding volume as shown
in fig. 2c. The combined field is then described by:

𝑓𝑒 (p𝑏 ) =

𝑓𝑑 (𝑇𝑖𝑑𝑇𝑏𝑟p𝑏 ), p𝑏 ∈ 𝑉𝑓 ,

𝑓𝑡 (𝑇𝑏𝑟p𝑏 ), p𝑏 ∈ 𝑉𝑡 ,

𝑓𝑏 (p𝑏 ), p𝑏 ∉ 𝑉𝑟 ,

(5)

where 𝑉𝑟 = 𝑉𝑓 ∪𝑉𝑡 , 𝛿𝑉𝑓 ∩ 𝛿𝑉𝑟 = ∅ and 𝑉𝑡 = 𝑉𝑟 \𝑉𝑓 .
To ensure a watertight shape the transition surface 𝑆𝑡 inside𝑉𝑡 must
satisfy analogous edge and orientation constraint to Equation (3)
and Equation (4):

𝐸𝑡𝑏 = {𝛿𝑉𝑟 ∩ 𝑆𝑡 } = {𝛿𝑉𝑟 ∩ 𝑆𝑏 }
𝐸𝑡𝑑 = {𝛿𝑉𝑓 ∩ 𝑆𝑡 } = {𝛿𝑉𝑓 ∩ 𝑆𝑑 }

(6)

⟨∇𝑓𝑡 (𝑇𝑏𝑟p𝑏 )),∇𝑓𝑏 (p𝑏 )⟩ > 0, p𝑏 ∈ 𝐸𝑡𝑏

⟨∇𝑓𝑡 (𝑇𝑏𝑟p𝑏 ),∇𝑓𝑑 (𝑇𝑖𝑑𝑇𝑏𝑟p𝑏 )⟩ > 0, p𝑏 ∈ 𝐸𝑡𝑑
(7)
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Figure 3: Local shape interpolation: smooth interpolation
between base and donor surfaces within a bounded region,
enabling continuous morphing of local features.

3.3 Local Shape Interpolation
Local shape interpolation aims to generate intermediate surfaces
that smoothly deform between a base surface 𝑆𝑏 and a donor surface
𝑆𝑑 within a bounded region. We build on the formulation of local
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shape mixing, replacing the field inside 𝑉𝑓 with the interpolated
surfaces given by ℎ

(
𝑓𝑏 , 𝑓𝑑 ,𝑤, p𝑏 ), where p𝑏 ∈ 𝑉𝑟 and𝑤 ∈ [0, 1] con-

trols the interpolation between base and donor features as shown
in Figure 3. The function ℎ(𝑓𝑏 , 𝑓𝑑 ,𝑤, p𝑏 ) defines the interpolation
behavior, with boundary conditions,

ℎ(𝑓𝑏 , 𝑓𝑑 , 0, p𝑏 ) = 𝑓𝑏 (p𝑏 ),
ℎ(𝑓𝑏 , 𝑓𝑑 , 1, p𝑏 ) = 𝑓𝑑 (𝑇𝑖𝑑𝑇𝑏𝑟p𝑏 ) .

(8)

A simple choice for ℎ is linear interpolation, ℎ(𝑓𝑏 , 𝑓𝑑 ,𝑤, p𝑏 ) = (1 −
𝑤 𝑓 ) ∗ 𝑓𝑏 (p𝑏 ) +𝑤 ∗ 𝑓𝑑 (𝑇𝑖𝑑𝑇𝑏𝑟p𝑏 ), however more complex functions
can be utilized to enable more meaningful interpolation.
The resulting locally interpolated field can be written as

𝑓𝑒 (𝑤 𝑓 , p𝑏 ) =

ℎ
(
𝑓𝑏 , 𝑓𝑑 ,𝑤 𝑓 , p𝑏 ), p𝑏 ∈ 𝑉𝑓 ,

𝑓𝑡 (𝑇𝑏𝑟p𝑏 ), p𝑏 ∈ 𝑉𝑡 ,

𝑓𝑏 (p𝑏 ), p𝑏 ∉ 𝑉𝑟 ,

(9)

where𝑤 𝑓 defines the interpolation strength.
Due to the boundary conditions on ℎ, setting𝑤 𝑓 = 0 recovers the
original base field, while setting𝑤 𝑓 = 1 corresponds to local shape
mixing. Note that the interpolation function ℎ can also act as the
transition field 𝑓𝑡 by letting the weight𝑤 vary smoothly from 0 at
𝛿𝑉𝑟 to𝑤 𝑓 at 𝛿𝑉𝑓 within the transition region 𝑉𝑡 .

3.4 Semantically Plausible Interpolation
Various shape categories, such as animal species or cars, have dis-
tinct meaningful features and share common structures. To interpo-
late plausibly between such shapes, surface points must deform in
a way that preserves their semantic meaning to avoid artifacts such
as duplicated features (e.g., two noses) or misaligned deformations
(e.g., a forehead morphing into a mouth). Transferring features to
arbitrary locations is more difficult because such cases are sparsely
represented in training data and are outside our scope. Therefore,
we assume the selected base and donor regions are approximately
aligned, reducing the transforms 𝑇𝑏𝑟 and 𝑇𝑏𝑑 to identity.
Any smooth shape distribution modeling function constraint by
Equation (8) can then serve as full edit field, as 𝑤 transitions
smoothly from 0 on 𝛿𝑉𝑟 to𝑤 𝑓 on 𝛿𝑉𝑓 :

𝑓𝑒 (p) =

ℎ
(
𝑓𝑏 , 𝑓𝑑 ,𝑤 𝑓 , p), p ∈ 𝑉𝑓 ,

ℎ
(
𝑓𝑏 , 𝑓𝑑 ,𝑤 (p), p), p ∈ 𝑉𝑡 ,

ℎ
(
𝑓𝑏 , 𝑓𝑑 , 0, p), p ∉ 𝑉𝑟 ,

(10)

where 𝑤 : R3 → [0, 1] is a spatially varying weight field defined
as part of the editing process. With the alignment assumption,
intermediate features lie along the modeled shape distribution (e.g.,
smoothly morphing an airplane nose from cargo to fighter), while
𝑤 (p) enables fine-grained local control over the influence of base
and donor features.

4 Feature-Size Local Editing
Overview. Our method builds on SPAGHETTI [11], which decom-
poses shapes into part embeddings contextualized by a transformer
mixing network and decoded into an implicit field.While SPAGHETTI
enables part mixing and interpolation at the level of whole parts, it
lacks finer control because part weights are defined globally.
We introduce a controllable continuous weight field represented

by blending anchors for localized editing. Each anchor is defined by
a surface coordinate p𝑖 , a donor–base blending weight 𝛼𝑖 ∈ [0, 1],
and a semantic coordinate s𝑖 ∈ 𝑅3. Anchor’s weights are spatially
interpolated across anchors to construct a continuous field 𝛼 (p),
and by updating or introducing new anchors at arbitrary resolu-
tion, edits can be performed at fine scales. The semantics s𝑖 is used
to help preserve the semantic meaning of deformed surfaces and
mitigate artifacts described in Section 3.
Our pipeline consists of four stages: (1) initialize base anchors and
assign donor influence weights to selected surface points, (2) calcu-
late blending weights for donor-selected surface points, (3) compute
surface coordinates of the new blending anchors, (4) remove redun-
dant base anchors and combine the final set of anchors.

4.1 Shapes as Blending Anchors
We extend the part-level interpolation framework of SPAGHETTI
[11], which represents a shape using two sets of contextual part
embeddings, denoted as 𝑍𝑐

𝑏
and 𝑍𝑐

𝑑
for the base and donor shape

respectively (see Section 3). In the original formulation (section 4.5
of the paper), interpolation is controlled by a single global weight
𝛼 , with 𝛼 specifying the influence of the donor and 1 − 𝛼 that of
the base.
To enable spatially varying influence, we replace this global in-
terpolation weight with a continuous field 𝛼 (p), analogous to the
blending field in NeuForm [20] applied on SPAGHETTI. Our field
is parameterized by blending anchors: an arbitrary number of up-
datable coordinates p𝑖 , initialized on or updated to a surface. Each
anchor is associated with a scalar blending weight 𝛼𝑖 ∈ [0, 1], in-
dicating donor–base influence, and a semantic coordinate s𝑖 ∈ R3

that encodes its semantic meaning. These semantic coordinates are
later used for semantically guided feature transfer from donor to
base.

The continuous field 𝛼 (p) is obtained by distance-weighting the 𝑘
nearest anchor weights:

𝑤𝑖 =
1 − 𝑑𝑖

𝐷knn∑𝑘
𝑗=1

(
1 − 𝑑 𝑗

𝐷knn

) , (11)

where 𝑑𝑖 is the distance from a query point p to its 𝑖-th nearest
anchor and 𝐷knn is the distance to the furthest of the 𝑘 neighbors.
The contextual embeddings𝑍𝑐

𝑏
and𝑍𝑐

𝑑
can then be blended spatially

according to these weights.
Our proposed blending anchors are flexible, since they can be up-
dated, removed, or new anchors can be generated, enabling arbi-
trarily dense placement of locally varying weights. Higher anchor
densities can be used in regions requiring fine-grained blending,
while large homogeneous regions with similar donor–base influ-
ence require fewer anchors.

Finally, the semantic coordinates s𝑖 are defined on a shared surface
template encoding semantic meaning, making it possible to find
correspondences between base and donor surface coordinates. This
ensures that anchors not only control spatial blending but also
guide the transfer of semantically consistent features.
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4.2 Anchor Initialization
We first initialize blending anchors to represent the base shape
already having the contextual embeddings for the base and donor.
To initialize these anchors, we reconstruct the base shape using
marching cubes and extract the mesh vertices, providing an approx-
imately uniform set of surface points that serve as the initial anchor
positions. Since the donor features have not been transferred yet,
the blending weight of each anchor is initialized to 0, effectively
representing a normal base shape. Although the initial base an-
chors are initialized with donor weight 0, subsequent edits generate
anchors with non-trivial blending weights. This enables iterative
editing, where edited anchors incorporating donor features can
serve as the base for further localized feature transfer.

Once the base and donor shapes are selected, the template shape is
computed with global 𝛼 = 0.5 according to SPAGHETTI’s [11] pro-
posed mixing method, equally mixing the transformer decoder out-
put of the base and donor shape. To assign semantic coordinates to
base or donor surface points, we approximate their correspondence
to the shared template surface during interpolation. Specifically, we
track how surface points translate when interpolating from either
the base or donor toward the template shape. This translation is
computed iteratively using the principle of boundary sensitivity
introduced by Berzins et al. [3]. We adapt the boundary equation 2
of Berzins et al. [3], by replacing network parameters Θ, with the
blending weights input 𝛼 , as well as disregarding the tangential
components 𝛿𝑥𝑡 , to write the displacement of a surface point under
finite parameter update Δ𝛼 :

𝑥𝑖+1 = 𝑥𝑖 +
−∇𝑥𝑖 𝑓 ∇𝛼 𝑓

⊤ Δ𝛼

∥∇𝑥𝑖 𝑓 ∥2
, (12)

Here 𝑥𝑖 denotes the query point input to the network starting at 𝑥0
on the surface and 𝑥𝑛 reaching the template, where 𝛼 is updated
from the base or donor (0 or 1) to the template (0.5) in 𝑛 steps,
with the fraction Δ𝛼 equal to 0.5/𝑛. We perform this procedure for
𝑛 = 25 steps, gradually translating base and donor surface points
along their normal toward the template surface.
While this approach generally works well for roughly aligned
shapes, neglecting tangential components can occasionally yield
incorrect correspondences, resulting in semantic mismatches and
artifacts. We further discuss these cases in the limitations and future
work section.

4.3 Donor Anchor Sampling
To generate donor blending anchors, we again assign the base and
donor contextual embeddings. The donor anchors are initialized
from surface points sampled within a selected donor region, and
each is assigned a blendingweight that controls its influence relative
to the base.We propose two sampling strategies to specify the donor
region and weights:

(i) 3D spherical region. A surface coordinate is chosen as the
edit center, and a maximum radius is defined to bound the donor
region. The occupancy field or (T)SDF is sampled on a grid covering
the edit volumewith sufficient density to capture local details. Using
marching cubes, we extract the surface mesh and select vertices
within the radius. Each selected point is assigned a donor influence

weight based on its normalized 3D distance to the edit center, using
the template

(1 − 𝑟4) exp(−𝑟2),
where 𝑟 is the normalized distance clamped to [0, 1]. This assigns 1
at the edit center and decays smoothly to 0 at the radius boundary,
producing a continuous donor–base transition.

(ii) Camera-based sampling. Alternatively, a grid of rays is
raymarched from a virtual camera to find donor surface points. The
projected coordinates are weighted by their radial distance to the
image center using the same template

(1 − ∥q∥4) exp(−∥q∥2),
where q are the normalized 2D coordinates, clamped to [0, 1]. This
assigns 1 at the image center and smoothly decays to 0 at the edges,
yielding an intuitive view-based selection consistent with the 3D
case. The effective size of the selection region is controlled by the
focal lengths 𝑓𝑥 and 𝑓𝑦 of the virtual camera, with larger values
yielding a more localized selection and smaller values producing a
broader region.

In both cases, the sampled donor surface points serve as the donor
blending anchors, initialized with their respective weights. To en-
sure semantic consistency, we iteratively displace these donor an-
chors toward the shared template surface using the boundary sensi-
tivity procedure described in Section 4.2. This provides each donor
anchor with a semantic coordinate on the template, enabling align-
ment with the corresponding base anchors.

4.4 Blending Weight Computation
We compute updated donor-anchor blending weights in two stages.
First, we treat the base anchors’ weights as a continuous field over
semantic space and query this field at each donor anchor’s semantic
coordinate. Concretely, for a donor anchor with semantic coordi-
nate s(𝑑 )

𝑖
, we find k nearest neighbors base anchors in semantic

space and interpolate their weights using linear distance weighting
(as in Section 4.1). This yields the semantically corresponding base
weight for each donor anchor.

Second, we update the donor anchor weights to reflect the new
donor influence corresponding to each anchor’s semantics, essen-
tially these weights contain the final edit blending weights. The
updated donor weight incorporates the corresponding base weight
by scaling it and adding the donor weight:

𝛼edit𝑖 = (1 − 𝛼donor𝑖 ) 𝛼base𝑖 + 𝛼donor𝑖 , (13)

where 𝛼donor
𝑖

is the donor weight and 𝛼base
𝑖

is the corresponding
base weight. This formulation ensures a smooth, semantically con-
sistent transition: higher 𝛼donor

𝑖
increases donor influence locally,

while regions with low 𝛼donor
𝑖

.

4.5 Surface Coordinate Update
Given the final donor anchor weights, we update donor anchors by
iteratively displacing their surface coordinates so that the anchor
coordinates, and thus the blending field, match the user-intended
edited surface. Starting from donor-surface locations, we perform
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Figure 4: Visualization of a continuous blending field, rang-
ing from full base influence (black) to full donor influence
(white), createdwith blending anchors visualized by their sur-
face coordinates plotted as colored circles; the edited surface
passes through these anchors. The base shape (dark purple)
and donor shape (dark yellow) are shown behind the edited
shape. Dark green arrows show the projection from trans-
lated base surface points and their corresponding edit shape
points to their locations on the template shape. Note that the
visualized blending anchors are sparser than those used in
the experiments and 3D visualizations.

boundary-sensitive normal displacements under the changing in-
terpolation weights, exactly as in Section 4.2. Concretely, we step
the interpolation weights from the donor anchors toward the final
edit weights, and at each step move points according to the bound-
ary sensitivity update in Equation (12). The goal is to locate, for
each anchor, the surface point that preserves its original semantic
meaning while following the trajectory induced by interpolating
from donor to intermediate shapes represented by the blending
weight. This yields updated donor anchor coordinates that remain
semantically consistent while aligning with the edited surface.

4.6 Anchor Pruning and Merging
With the donor anchors finalized the base and donor anchors can
be combined. Since base anchors are still present near the updated
donor anchors as well as having similar semantic meaning, we
remove base anchors near donor anchors for both the surface coor-
dinates as well as the semantics. Either the grid size of marching
cube extracted donor surface points or the largest distance between
donor coordinates in any dimension is used as approximate mea-
sure to remove base anchors by their distance with a safety factor.
After the removal of overlapping base anchors both base and donor
anchor sets can be combined to represent the new edited shape
with its contextual embeddings and continuous blending field as
input for the SPAGHETTI [11] decoder. A continuous blending field
generated from blending anchors for two shapes is shown in fig. 4,
together with the blending anchors, the base and donor surfaces,
and their corresponding projections onto the template shape.

5 Edit Locality Metric
While full shape dissimilarity metrics such as Chamfer distance
and Earth Mover’s Distance are widely used, there is, to the best of
our knowledge, no widely adopted metric that directly quantifies

the locality of edits. By locality, we mean the spatial region where a
shape has changed as result of an edit. To address this, we propose
a new scalar metric that captures the size of the three-dimensional
region modified between a base and an edited shape, enabling direct
quantitative comparisons of edit locality across methods.
Given two shapes (base and edit), both normalized to fit inside
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Figure 5: Illustration of the proposed edit locality metric. Ar-
rows denote nearest neighbor distances between correspond-
ing surface points on the base (S𝑏 ) and edited (S𝑒 ) surface.
Each point is colored by the maximum nearest neighbor dis-
placement assigned from both directions, normalized as a
percentage of a unit sphere radius. The dashed circles (R1–R5)
show minimal bounding spheres at increasing displacement
thresholds.

a unit sphere, we identify the edited region as the set of surface
regions that differ between the base and edited shape. For simplicity
and interpretability, we define edit locality as the radius of the min-
imal bounding sphere that encapsulates all significantly displaced
surface points. This value is expressed as a percentage of the unit
sphere’s radius, providing a normalized, single-scalar measure of
locality.
To identify displaced surface points, we reconstruct surface meshes
for both the base and edited shapes using marching cubes on iden-
tical grids, so that mesh vertices approximate the surface points.
For every surface vertex in both shapes, we compute its nearest
neighbor distance to the other shape’s surface. To robustly capture
cases where, for example, a large spike appears on one shape and
only a small bump exists on the other, we assign to both points in
each nearest-neighbor pair the maximum displacement observed
in either direction. This ensures that local deformations are not
underestimated when nearest neighbor correspondences are not
one-to-one, as visualized in Figure 5.
Vertices with a displacement exceeding a set threshold are consid-
ered to be displaced, and the collection of all such points defines the
dissimilar surface region. Thresholding is used to ignore negligible
surface displacements, which could otherwise result in overestima-
tion of the edited region due to minor, non-perceptible changes. We
therefore report the bounding sphere radius as a function of varying
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displacement thresholds, allowing for a more nuanced assessment
of edit locality.

6 Experiments
Our experiments demonstrate that our method produces signif-
icantly more localized edits than SPAGHETTI [11] and Neural
Wavelet (2024) [13]. We report results both quantitatively, using the
proposed locality metric in Section 5, and qualitatively, through sur-
face displacement visualizations and generated examples. For both
experiments, our method achieves stable, spatially confined edits,
whereas baseline methods show substantial propagation beyond
the intended region.

6.1 Results
6.1.1 Locality metric. The results of our locality metric (Figure 6
and Table 1) highlight key differences in the spatial extent of edits
produced by each method. For Neural Wavelet (2024) [13], bound-
ing sphere radii are surprisingly large at the lowest displacement
thresholds (<3%), indicating that small but widespread deformations
occur throughout the shape, even when visual changes are mini-
mal. This reflects the denoising and harmonization characteristic
of diffusion-based models: minor surface changes are distributed
globally, although these are typically not perceptible. As the dis-
placement threshold increases, the bounding sphere radius for Neu-
ral Wavelet rapidly decreases, consistent with its strict masking
procedure and highly local part mixing at larger scales; the low
interquartile range (IQR) here indicates high consistency across
edits.
SPAGHETTI [11], in contrast, produces relatively large bounding
sphere radii for most thresholds. This is a direct consequence of its
coarse part decomposition (16 parts per shape) and the transformer-
based mixing network, which propagates the influence of an edit
beyond the immediate region of the selected part. Displacement
maps confirm that edits extend into adjacent structural regions
rather than being perfectly confined. The moderate IQR values
reflect variability in part sizes and spatial extent of the edits.
Our proposed method shows stable and consistent locality measure-
ments. Because the edit radius mask scales with the donor–base
displacement and the metric assigns the largest bidirectional dis-
placement, the measured radius closely matches the intended edit
region. Crucially, the radius does not shoot up at small inclusion
thresholds, indicating that minor deformations remain confined
rather than propagating widely across the shape.
Overall, these results confirm that our method reliably enforces
edit locality, while Neural Wavelet and SPAGHETTI both suffer
from edit propagation, Neural Wavelet through widespread small
deformations and SPAGHETTI through coarse edits that affect
large shape regions. The proposed metric therefore provides a clear
quantitative assessment of both the scale and the consistency of
edits.

6.1.2 Displacement maps. The displacement maps in Figure 7 show
significant differences in the spatial extent andmagnitude of surface
deformations between editing methods, with relatively comparable
behavior per method for all shape pairs.
For SPAGHETTI [11], the intended edit for each base-donor pair

is not always clearly defined, although in the second row the se-
lected chair leg is distinctly edited. Although the method appears
to transfer the donor leg features onto the base, it also introduces
significant deformations in unrelated areas, including the armrest,
the opposite leg, and a large portion of the seat. This demonstrates
that local part edits in SPAGHETTI can result in the propagation
of changes beyond the intended region, affecting additional and
potentially unwanted areas of the shape.
Neural Wavelet (2024) [13] shows only very small displacements,
as also shown in the quantitative results in Section 6.3.1. In the
displacement maps, most changes remain below the 1% threshold
and are difficult to detect by the measurements. Displacements
slightly above 1% are rare and small, however they are still widely
distributed across certain shapes instead of being localized. As dis-
cussed in Section 6.3.1, this behavior is likely due to the (final)
denoising step combined with the small region being mixed, caus-
ing the edit to dissipate, resulting in widespread but minimal surface
changes.
In contrast to the baseline methods, our proposed method produces
more localized displacement, with nonzero values limited to the
intended edit region. The boundaries of the edit are sharply defined,
resembling the edit radius described in Section 6.3.1. For the major-
ity of the shape surface, no displacements above 1% are detected,
while within the edit region, small displacement are observed.
The displacement map visualizations qualitatively support the quan-
titative findings, showing that our method enables varying strength
local editing with minimal unintended deformation spreading to
regions away from the intended edit region.

6.2 Results of Local Feature Transfer
Several resulting edits from our local semantic feature transfer
method are illustrated in Figure 1. The generated airplanes have
been generated by sampling the donor selection coordinates with
a virtual camera as well as using the projection method described
in section 4.3. The chair has been generated with the 3D spherical
region method discussed in Section 4.3.

6.3 Experiments Setup
We evaluate the spatial locality of shape edits produced by our
method, SPAGHETTI [11], and Neural Wavelet (2024) [13], using
both our proposed quantitative locality metric (Section 5) and qual-
itative displacement maps that visualize the strength of surface
point displacements. These baselines were chosen for their abil-
ity to transfer local features between shapes through mixing and
interpolation, while methods such as DIF-Net [8] and DualSDF
[10] only support global shape editing and more recent CNS-Edit
[15] and 3DNS [28] are unable to blend different shapes. For fair
evaluation, we use pretrained models for all methods and restrict
our evaluation to the ShapeNet [5] chairs category, as pretrained
models for both SPAGHETTI and Neural Wavelet are only available
for this class. Since the released Neural Wavelet code supports only
shape inversion, we reimplemented the shape mixing procedure
following the description provided in the paper and supplementary
material.
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Figure 6: For each of the 100 edits, we flag base- and edit-shape vertices whose assigned displacement 𝑑 (%) exceeds a threshold
𝑡 (%), both normalized to the unit-sphere diameter. We apply ten thresholds, from low (flagging nearly all vertices) to high
(flagging only larger displacements). At each threshold, we compute the radius of the minimal enclosing sphere of the flagged
vertices as a percentage of the unit-sphere radius. The plot shows the median and the central 50% range (interquartile range) of
these radii across all edits for each method.

Method Bounding sphere radius: Median (IQR)
Lower bound inclusion threshold

1% 2% 3% 4% 5% 6% 7% 8% 9% 10%

SPAGHETTI 70.8 (19.8) 60.9 (19.5) 56.4 (21.9) 52.3 (23.4) 47.6 (25.0) 46.1 (26.6) 43.3 (30.0) 41.4 (32.1) 40.1 (35.0) 37.5 (41.0)
Neural Wavelet 79.2 (34.2) 26.6 (58.6) 0.0 (6.3) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0)
Outs 15.5

(20.0)
14.3
(18.6)

14.3 (18.3) 14.1 (18.1) 13.8 (18.6) 13.7 (19.9) 13.1 (20.3) 10.8 (20.8) 9.7 (24.8) 9.4 (24.2)

Table 1: Median and interquartile range (IQR) of minimal bounding sphere radii (% of unit-sphere radius) for each method,
evaluated across 100 edits. Values are reported at displacement thresholds ranging from 1% to 10%. Lower values indicate more
local edits.

6.3.1 Quantitative Edit Locality Measurements. We quantitatively
assess edit locality by applying the minimal local edit possible with
each method on a set of 100 shape pairs from ShapeNet [5] chairs.
Shape pairs are constructed by shuffling all 6,755 chair indices, as-
signing the first 100 as base shapes and the next 100 as donors, then
pairing base 𝑖 with donor 𝑖 , ensuring no shape is used as both base
and donor. The same pairs are used for all methods for comparabil-
ity.
For each shape, we use the pretrained shape embedding 𝑧𝑎 provided
by the SPAGHETTI [11] model. The contextual part embeddings
𝑍𝑐 are deterministically computed by forwarding 𝑧𝑎 through the
model’s decomposition andmixing networks, following SPAGHETTI’s
inference pipeline. The 𝑍𝑐 embeddings are used as input for both

SPAGHETTI and our proposed method during measurements, and
to generate meshes for shape inversion with Neural Wavelet (2024)
[13]. This shape inversion on Neural Wavelet results in refined
latent codes 𝑧sem, which are input for the part mixing method in
Neural Wavelet. As a result all experiments are evaluated on the
same set of shape pairs.

SPAGHETTI: For each base-donor pair, we randomly select one
of the 16 part indices (corresponding to the model’s learned seman-
tic parts). Editing is performed following the procedure described
in the SPAGHETTI paper, where the selected part’s contextual em-
bedding in the base shape is replaced with that from the donor. The
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Figure 7: Surface displacement maps (middle three columns)
for edited shapes across three selected base-donor pairs. For
each pair (left column, with base shape on top and donor
below), local surface displacement is visualized using a color
gradient, where colors indicate the magnitude of displace-
ment relative to the unit sphere radius. Black denotes dis-
placements below 1%, while values above 25% are colored
yellow to improve the perceptibility of differences at lower
magnitudes. The visualizations demonstrate that ourmethod
results in significantly less edit propagation compared to the
baseline methods.

resulting contextual embedding is input to the occupancy network
to generate the occupancy field.

Neural Wavelet: For each pair, we randomly select a donor
surface coordinate and map it to the corresponding cell in the 463
coarse coefficient grid. The mask is then expanded to include all
cells within a Manhattan distance of two (resulting in a 5×5×5 cell
region, or roughly 10% of each dimension). Part mixing is performed
by replacing the corresponding coefficients in the base with those
from the donor within the masked region, followed by the model’s
denoising and harmonization steps as described in the original
work [13].

Proposed method: For each pair, we sample a camera position
uniformly on the unit sphere, render a depth map of the donor, and
randomly select a visible surface point as the center of the edit. We
compute the nearest-neighbor distance from this donor point to
the base surface, and use this value as the edit radius. All donor sur-
face points within this radius are assigned a nonzero edit strength,
which smoothly decays from 1 at the center to 0 at the boundary.
For each donor surface point, the edit strength is determined by its

normalized distance 𝑟 to the edit center, using the template func-
tion𝑤 (𝑟 ) = clamp((1−𝑟4) ·exp(−𝑟2), 0, 1). These spatially varying
donor weights are input to our proposed model, generating a new
edited shape where local donor features are transferred onto the
base through local shape interpolation as described in Section 4.

Mesh Extraction and Metric Computation: For surface ex-
traction, we scale the occupancy field outputs of SPAGHETTI [11]
and our proposed method and apply a sigmoid activation, yielding
a field normalized to the range [−1, 1]. Although this field is not a
true SDF, it consistently indicates the zero level set and supports
accurate surface extraction with marching cubes. Since any approx-
imation error introduced by this normalization is present in both
base and edited shapes, identical occupancy fields yield identical
extracted surfaces in corresponding region. For Neural Wavelet, we
use the generated TSDF grid directly for mesh extraction. Meshes
for SPAGHETTI and Neural Wavelet are extracted using marching
cubes on a 2563 grid, following the original implementations. For
our method, we have uses a 1283 grid to reduce computation time
since our method is significantly slower than the baseline methods.
Meshes extracted at 1283 and 2563 resolutions appeared visually
nearly identical, with 1283 capturing all relevant details. This is con-
sistent with the relatively low geometric detail of most ShapeNet
[5] chair models, as well as the limitations of the generative models
in representing fine geometric detail.. Even at lower resolutions,
marching cubes extracts the surface based on the sampled occu-
pancy values, so any change in these values, regardless of grid size,
will displace the resulting surface coordinates. For each shape pair,
we compute the edit locality metric as described in Section 5, vary-
ing the displacement threshold from 1% to 10% of the unit sphere
radius in 1% increments.

6.3.2 Qualitative Visualization of Edit Propagation. To qualitatively
evaluate the spatial propagation and magnitude of surface deforma-
tions introduced by different editing methods, we generate color-
coded displacement maps for selected shape pairs. Surface vertices
are first extracted by applying marching cubes to meshes recon-
structed from 2563-sampled TSDF’s or occupancy fields as discussed
in Section 6.3.1. To ensure dense sampling of the rendered surfaces,
additional base surface points are sampled from the virtual camera
rendering the displacements.
For each surface point on the edited shape sampled from the same
camera, we compute its nearest-neighbor distance to the surface of
the corresponding base, approximating it’s surface point displace-
ment from the unedited base.
To make the visualization more informative and easier to interpret,
displacements below 1% of the unit sphere radius are masked (col-
ored black), reflecting changes that are likely negligible for most
applications and below our smallest threshold for measuring our
locality metric. Displacements between 1% and 25% are mapped to
a perceptually uniform color gradient, while displacements above
25% are limited at this value, resulting in clearer distinction between
lower displacement values.
Each displacement measurement is performed on edits described
in section 6.3.1 on one of the 100 shape pairs.

10



7 Limitations and Future Work
Since our method strongly depends on the quality of found seman-
tic correspondences, inaccuracies in these correspondences can
lead to artifacts or undesired deformations. Since we approximate
features to align between base and donor shapes and the tangential
component of the boundary sensitivity is neglected using boundary
sensitivity [3], artifacts can form for large differences in structure.
We attempted to implement the template learning methods pro-
posed by Genova et al. [9] and Kim et al. [18] to improve semantic
correspondence, but were unable to complete them due to time
constraints.
Since our method builds on Spaghetti’s [11] representation, mix-
ing and interpolating disentangled normalized part geometry is
non-trivial. This can result in significant displacements of selected
local regions, including unintended translation, rotation, or scaling.
Investigating mechanisms enabling separate interpolation of disen-
tangled structure and geometry, could address these issues.
Although our proposed locality metric is simple, it does not account
for the shape of the edited region. As a result, a long thin defor-
mation region and a large uniform deformation region give the
same value, even though the thin region is arguably more localized.
Furthermore, since our experiments are conducted solely on the
ShapeNet [5] chair category, the results may not generalize well to
other categories with different shape distributions.
Our experiments are also fully automated and do not involve real-
life human edits. While this enables consistent comparison of local-
ity limits, it does not capture how users would perform and perceive
local edits in practice. Finally, our work lacks both qualitative and
quantitative metrics evaluating the visual quality and plausibility
of the generated shapes, since no experiments were conducted to
assess these properties.

8 Conclusion
In this work, we introduced a novel approach for local 3D shape
editing that integrates semantic awareness from learning-based
methods with theoretically unrestricted spatial locality. Our method
represents shapes using a scalable, non-uniform, and arbitrarily
dense set of blending weights combined with learned based shape
representation SPAGHETTI [11]. This representation enables the
transfer and interpolation of semantically meaningful surface fea-
tures with high spatial precision, allowing for fine-grained and
controllable edits.
We introduced a new metric to quantify edit locality and used it to
empirically demonstrate that existing methods such as SPAGHETTI
[11] and Neural Wavelet (2024) [13] exhibit significant edit prop-
agation and coarse part region representation. Our experiments
showed that our method enables more local edits compared to
previous approaches. While challenges remain in semantic corre-
spondence accuracy, dealing with varying structures and shape
plausibility, our results provide a foundation for future exploration
in semantically guided, fine-grained 3D shape manipulation.
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