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Fig. 1: Our representation establishes a map between shapes S1, S2 by optimizing in-
vertible flows (red box) between embedding distributions (blue box) and the unit Gaus-
sian N (0, 1). The composition of said flows (green box) is a pointwise map between
the surfaces, enabling shape matching and supporting various 3D representations, in-
cluding neural signed distance fields (orange box).

Abstract. We introduce a novel neural representation for maps between
3D shapes based on flow-matching models, which is computationally ef-
ficient and supports cross-representation shape matching without large-
scale training or data-driven procedures. 3D shapes are represented as
the probability distribution induced by a continuous and invertible flow
mapping from a fixed anchor distribution. Given a source and a target
shape, the composition of the inverse flow (source to anchor) with the
forward flow (anchor to target), we map points between the two surfaces.
By encoding the shapes with a pointwise task-tailored embedding, this
construction provides an invertible and modality-agnostic representation
of maps between shapes across point clouds, meshes, signed distance
fields (SDFs), and volumetric data. The resulting representation con-
sistently achieves high coverage and accuracy across diverse benchmarks
and challenging settings in shape matching. Beyond shape matching, our
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framework shows promising results in other tasks, including UV mapping
and registration of raw point cloud scans of human bodies.
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1 Introduction

Shape matching has long been recognized as a “key problem” in geometry pro-
cessing: indeed, accurate correspondences between two shapes enable simple solu-
tions for several downstream tasks (e.g ., pose transfer [55] or interpolation [17]).
Most of the research in this field, following the common practices from 3D graph-
ics industry, was built on the triangle mesh representation, which approximates
a continuous 2-dimensional manifold embedded in R3 piecewise linearly with a
collection of triangles connected by their common edges and vertices. However,
recent progress in the fields of computer vision and deep learning has popular-
ized novel ways of encoding 3D geometry, such as neural representations [43,49].
These solutions offer several advantages compared to triangle meshes, but lack
their large suite of tools and algorithms for analysis and manipulation [68].

In this work, we address this challenge by introducing a novel representation
for maps between a source and a target shape that can be applied over various
geometric encodings. We namely refer to this representation as FUSE. Construct-
ing a map with this representation requires only two components: i) the ability
to sample points from the involved surfaces, and ii) a pointwise feature embed-
ding designed for the target task. Once feature embeddings are computed for the
sampled points on both source and target shapes, FUSE estimates an invertible
flow from each embedding distribution to a shared anchor distribution, following
Flow Matching framework [27]. FUSE then expresses the map between the two
shapes as the composition of the inverse flow of the source (source ! anchor)
and the forward flow of the target (anchor ! target). We note that, given the
flows of any two shapes, the map is obtained with no additional optimization,
with only landmarks as information shared by the two shapes.

In the context of shape matching, our representation introduces a probabilis-
tic perspective on embedding alignment, where semantically similar features are
encouraged to align through a shared probability distribution. Combined with
the guarantee of mapping points directly into the target embedding space, our
framework produces high-coverage and accurate correspondences that are rel-
evant for different applications. We evaluate the proposed approach through a
comprehensive experimental study, comparing it against several shape match-
ing baselines, ranging from well-established axiomatic methods to recent data-
driven approaches; FUSE shows high, if not the highest, accuracy on various
benchmarks. Our contributions can be summarized as follows:

– We introduce FUSE, the first flow-matching based representation for 3D
shape maps that naturally enables correspondence between shapes expressed
in different modalities (e.g., meshes, point clouds, and SDFs);
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– We quantitatively show that FUSE achieves competitive or superior match-
ing accuracy over state-of-the-art methods, particularly in the context of
landmark-based shape matching;

– We showcase the versatility of FUSE, employing it as a backbone for other
downstream applications, ranging from shape parametrization to point cloud
deformation.

2 Related Work

2.1 Neural Shape Representations

Recent research in geometric deep learning and geometry processing popularized
the practice of encoding 3D shapes in the weights of neural networks, which is
referred to as neural shape representation. The early contributions in this field
are due to [42] and [49], followed by the introduction of NeRF [43], which led to
a vast effort to adapt neural shape representations to other tasks besides recon-
struction. Examples of these adaptations are to shape deformation [1, 4, 45, 68],
text-guided shape editing [30, 65] and generation [29, 51]. Recent contributions
also introduced neural representations for 3D simulations [48] and computation
of geometric operators over spherical neural surfaces [66].

The work of [23] is closely related to ours, as they propose a method to
represent functions continuously over surfaces in intrinsic space. Lastly, FUSE’s
architecture is inspired by Geometry Distributions [69], which proposes to rep-
resent geometry as a continuous map from a 3D Gaussian distribution to the
surface with a denoising diffusion model [56]. However, by targeting the specific
goal of representing maps between shapes, we build upon flow matching [27],
and model flows directly over an intrinsic feature space, rather than standard
Euclidean or extrinsic coordinates. These two choices together enable FUSE to
represent mappings, as we prove by targeting the shape correspondence task.

2.2 Shape Matching

Shape correspondence is a fundamental task in geometry processing, with a wide
range of approaches proposed over the years, which can largely be distinguished
by how they represent the map between shapes and features [3, 8, 40, 57, 59].
Among these, the functional map framework [46] and its follow-up works [11,
14,32,39,41] have emerged as a dominant paradigm, where correspondences are
represented as linear operators between functional spaces. These methods offer
attractive properties such as smoothness and invariance to deformations, but
the reliance on spectral bases limits their generalization to non-mesh represen-
tations [39] and in obtaining bijective maps [5, 38,64].

Another class of approaches leverages optimal transport (OT) [13, 31, 54],
in which correspondences are represented by transport plans that minimize the
cost of transporting a distribution of features from one shape to another. In
the presence of sampling imbalances or ambiguous features, OT plans often ex-
hibit mass-splitting behavior, where individual points distribute probability mass
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across multiple targets. This di�usion can degrade correspondence sharpness
and stability when recovering discrete maps. Alternatively, registration-based
approaches directly optimize non-linear deformation �elds in 3D [17, 26, 52, 60].
The �elds are often parameterized via deformation networks or complex archi-
tectures, achieving accurate alignments at the cost of solving computationally
heavy optimization problems and depending on rigid initialization or learned
priors.

Hybrid approaches combine the strengths of the above formulations [10, 11,
20,21,24,47,62], gaining in e�ciency and robustness, but still relying on learned
priors and struggling to generalize to other representations. Another common
approach is template-based matching, representing correspondences as a com-
position of maps with respect to a common template, selected a priori [19,36,37]
or directly at test time [34]. On a di�erent perspective, FUSE o�ers a novel
representation for maps. Based on �ow matching [27], our method models a
correspondence as a composition of continuous invertible �ows between intrinsic
feature spaces and a shared anchor distribution, inherently enforcing bijectivity
and high-coverage in obtained maps, without learned priors or per-pair opti-
mization in a pipeline naturally agnostic of the geometric representation.

3 Background

Shapes and Matching. A 3D shape S is modeled as a compact two-dimensional
manifold embedded in R3. From a computational standpoint, single shapes may
be represented in several ways: polygonal meshes, point clouds, signed distance
functions and volumetric meshes are notable examples. In this work, we identify
a shape S as a continuous manifold from which we can sample unordered sets
of points fx i gn

i=0 , encoded by their 3D coordinates (i.e. xi 2 R3) independently
from the adopted representations.

Given 3D shapes S1 = fx i g
n 1
i=1 and S2 = fy j gn 2

j=1 with a common semantic,
a point-to-point correspondence T12 maps each point xi to its corresponding
point y j . Shape matching is the task of estimating such correspondence. In the
non-rigid scenario, estimating correspondences directly from 3D coordindates
is challenging; thus, most methods describe the shapes via pointwise features,
characterizing their semantics and geometry [15,57,59]. For each point xi 2 S1,
we compute a vector of features fi 2 Rd that we can then store as a row in the
embedding matrix E1 2 Rn 1 �d (same goes for S2). Ideally, one can solve for the
correspondence directly by leveraging the similarity between these encodings [3].
In practice, more complex pipelines are required to align the features and retrieve
the correspondence from their relations [46].

Flow Matching. Flow Matching (FM) [27,28] is a framework for learning contin-
uous in time probability paths (p t )t2[0;1] that transport a known source distribu-
tion p0 (e.g., a Gaussian) to an unknown target p1 (e.g., data samples). This is
achieved by learning a velocity �eld u�

t (x) describing the instantaneous dynamics
of the path, parameterized by a neural network �. For each x 2 Rd, the velocity
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