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Abstract. Non-rigid 3D shape matching is a fundamental task in com-
puter vision and graphics. In this paper, we propose a hybrid self-supervised
method based on a coarse-to-fine strategy, which ensures consistency
between the coarse mapping and the refined correspondence produced
by our refinement module. The architecture features a dual-branch de-
sign, consisting of two symmetric functional map learning streams: one
based on the Laplacian basis and the other utilizing the elastic ba-
sis. Extensive experiments show that our approach not only maintains
computational efficiency, but also achieves state-of-the-art performance
across a variety of challenging scenarios, including non-isometric defor-
mations and topological noise. Finally, we rigorously demonstrate that
contrastive energies promote feature discrimination. Furthermore, inte-
grating these energies with existing methods yields consistent improve-
ments, validating the overall efficacy of our approach. Our code is avail-
able at https://github.com/LuoFeifan77/Coarse-to-Fine-Hybrid-
Self-Supervised-Matching.

Keywords: 3D shape matching - Functional maps - Self-supervised learn-
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1 Introduction

Establishing accurate correspondences between non-rigid 3D shapes is a long-
standing challenge in computer vision and graphics, which has a wide range of
applications, including shape analysis [45], shape generation [21], deformation
transfer [67], and shape interpolation [25].

Deep functional maps [42] have emerged as a preferred solution for non-rigid
shape matching, paving the way for significant advancements in near-isometric
shape matching [5, 20, 30, 62|, non-isometric shape matching [19, 25, 26, 34, 39],
multi-shape matching [11,27,69], and partial shape matching [3,22,23].

However, these methods [5,19,20,34,39,62] primarily rely on geometric prior
constraints (e.g., orthogonality) to supervise pointwise or functional maps, while
overlooking self-supervised prior constraints, leading to suboptimal performance.
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Although incorporating the coupling loss [15] to promote functional map proper-
ness [58] enhances performance, it inevitably incurs substantial computational
overhead. This is because these methods either necessitate solving linear op-
timization problems to estimate functional maps [2,6, 15, 19,48, 69] or rely on
fine-tuning techniques [6, 13,15, 38] during inference to bolster results.

To address these limitations, we propose a novel and efficient hybrid self-
supervised method for non-rigid shape matching. We first introduce a coarse-
to-fine framework for functional map learning. The core idea is to align the
coarse map with the refined map, and it consists of two main components: (1)
the proposal of three different self-supervised prior constraints, which facilitate
the alignment of the coarse map and the refined map from spatial, spectral,
and spatial-spectral perspectives; (2) the introduction of a general refinement
method, which can be applied not only to generate both refined pointwise and
functional maps but also to non-orthogonal settings. Based on the aforemen-
tioned framework, a hybrid self-supervised method is composed of two fully sym-
metric branches: the intrinsic branch, which employs a functional map learning
module based on the orthonormal Laplacian basis, and the extrinsic branch,
which uses a functional map learning module based on the non-orthogonal elastic
basis, while eliminating the time-consuming least-squares solvers and fine-tuning
techniques. Extensive experiments demonstrate that our method outperforms ex-
isting state-of-the-art methods in both matching accuracy and runtime. Finally,
we rigorously prove that contrastive energies promote feature discrimination and
lead to consistent improvements when integrated with other methods, thereby
validating the effectiveness of our proposed framework.

The main contributions are summarized as follows:

— We propose a general coarse-to-fine strategy, which establishes a unified
bridge between functional map learning frameworks and map refinement
methods.

— We present a robust and efficient hybrid self-supervised method for non-rigid
3D shape matching.

— Extensive experiments demonstrate that our approach achieves excellent per-
formance across challenging benchmarks, while maintaining remarkable com-
putational efficiency.

— We provide a rigorous proof that contrastive energies induce feature dis-
crimination. Moreover, our proposed energies deliver consistent performance
gains when integrated into baseline methods.

2 Related Work

Non-rigid 3D shape matching is a basic problem that has been extensively stud-
ied. For a comprehensive overview of the field, readers are referred to surveys
such as [17,44,63,78].
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2.1 Axiomatic Functional Maps

Numerous axiomatic approaches [1,7,10,54,70,74] have been proposed to address
the shape matching problem. Among these, the functional map framework [54]
has gained significant prominence due to its inherent flexibility and efficiency,
which has inspired extensive subsequent works [18,28,29,32,33,35,49,51,53,55,59,
60, 71]. However, axiomatic functional map methods rely heavily on the quality
of handcrafted features [4,40,43,64,68], resulting in unsatisfactory performance
in challenging settings.

2.2 Deep Functional Maps

FMNet [42], also known as deep functional maps, effectively overcomes the bot-
tlenecks of axiomatic functional map approaches [54] by learning local features
via neural networks. Subsequent approaches [5,20,30] followed this principle, con-
straining pointwise or functional maps to enhance feature representation [62,65],
where the geometric prior constraints like bijectivity and orthogonality [59] have
been widely adopted. Recently, the remarkable success of functional maps in
ensuring properness [15, 69| has brought dual-branch functional map learning
architectures [2,6,13,16,38,48] and a single-branch self-supervised network [50].
Moreover, approaches based on hybrid bases [6,41], diffusion models [56,79], neu-
ral adjoint maps [71], unsupervised contrastive learning [47], basis learning [46],
and other studies [8,9,61,72,75,77] have gradually been applied to the field of
shape matching.

Despite advancements, existing methods either demonstrate poor matching
performance [5,19,20,34,39,62,65] in challenging scenarios, such as non-isometric
deformations and cross-dataset generalization, or rely on time-consuming linear
system solvers [2,06,11-16, 19,20, 39, 69], or fine-tuning techniques [6, 13-16]. In
contrast, we propose an effective and efficient hybrid self-supervised method for
non-rigid shape matching, which outperforms these methods in both matching
accuracy and computational efficiency. Furthermore, we demonstrate that the
self-supervised losses introduced in previous works [16,50] are special cases of
the contrastive energy proposed in our study. Finally, the contrastive energies in-
troduced in our method consistently improve the performance of other functional
map learning techniques, such as ULRSSM [15].

3 Background

We begin by providing a brief overview of the basic pipeline for deep functional
maps, directing interested readers to relevant literature [6, 15,54, 78] for further
details. The notation used throughout the paper is summarized in Table 1.

3.1 Functional Map Learning Pipeline

Given a pair of non-rigid 3D shapes denoted as X and ), the common functional
map learning frameworks mainly consist of five main stages:
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Table 1: Summary of the symbol description.

Symbol  Description

X,y 3D shapes (triangle mesh) with |Vx|, |Vy| vertices

Ax RF** eigenvalue matrix of shape X

Py RIV¥IXF oigenfunctions matrix

o, REXIVxl Moore-Penrose inverse of ®x

Ax RIVxIXIVxl mags matrix.

Ax i R¥*F reduced mass matrix.

Fx RIVx X4 yertex-wise features of shape X, d denotes the feature dimension
IIyx RIVyIxIVal point-wise map between shapes ) and X

Cxy R*** (spectral) functional maps matrix obtained by solving a linear system Eq.(1)
é)(y R**F spatial functional maps matrix obtained from ITyx

[ le Frobenius norm for Laplacian eigensystem

[ |us Hilbert-Schmidt norm for elastic eigensystem.

{gs()}2_1 a set of filter functions

(1) Precomputation. Compute the first k eigenfunctions @, Py, eigenval-
ues Ay, Ay in matrix notation via generalized eigendecomposition, respectively.
For example, the orthonormal Laplacian eigensystem {®5P, A5} and the non-
orthogonal elastic eigensystem {®LL, AEL} can be obtained by decomposing the
Laplacian operator [57] and elastic thin-shell energy [73].

(2) Feature extraction. The vertex features Fiy and Fy are extracted by a
feature extractor network Fg, respectively, with shared parameters ©. Among
numerous feature extraction methods, DiffusionNet [66] remains the predomi-
nant choice for the majority of functional map learning approaches.

(3) Functional map computation. Functional maps have two computation
methods. The first is the definition-based approach [54], which is obtained by
solving a linear optimization problem, specifically:

ny = aI‘cg min HCXJ/@TXFX — @&Fy” =+ ,U,E,«eg(ny), (1)
Xy
where E,.q; = ||CxyAx — AyCxy| denotes the regularization term, p is a

hyperparameter. Here, the choice of norm is determined by the type of basis
functions ¢ employed. For the orthonormal Laplacian eigensystem, Eq. (1) is
computed using the Frobenius norm ||-||r, whereas for the non-orthogonal elastic
eigensystem, the Hilbert-Schmidt norm || - ||us is adopted [6].

The second is the projection-based approach [54|, where the pointwise map
is projected onto the spectral domain, expressed as:

Cry = ¢;ny¢x7 (2)

where the pointwise map satisfies Fy = ITyy Fly.

To avoid ambiguity, the functional map Cyy derived from Eq.(1) is termed
the (spectral) functional map, while that explicitly computed via pointwise map,
ie., Eq. (2), is designated as the spatial functional map [69,76] (or the proper
functional map in some references [50,56,58]).

(4) Loss functions. During the training phase, axiomatic prior constraints,
such as bijectivity and orthogonality [59], are typically applied as structural
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penalties, namely,
Ly = [|CxyCyx — I||, Loy = ||CxyCry — 1||, (3)

or the coupling [15] between spatial and spectral functional maps, i.e.,
Leo = Hch - éXyH . (4)

Additionally, the aforementioned loss terms can be extended to bidirectional
constraints by incorporating reverse mapping terms.

However, most existing functional map learning methods [5,19,39,79] mostly
rely on geometric prior constraints while ignoring self-supervised prior con-
straints, leading to subpar performance in challenging scenarios, such as non-
isometric deformations and matching with topological noise. On the other hand,
they rely on time-consuming computational modules, such as the linear system
solver [2,20] in Eq. (1) and fine-tuning techniques [6, 13, 15], which significantly
increase the computational cost. In contrast, we propose a novel, efficient, and
effective hybrid self-supervised method that achieves outstanding performance
in both matching accuracy and computational cost.
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Fig.1: Comparison of the three coarse-to-fine contrastive energy terms. From left
to right: spatial contrastive energy, spectral contrastive energy, and spatial-spectral
contrastive energy.

4 Coarse-to-Fine Guided Functional Maps

This section introduces the coarse-to-fine strategy tailored for the functional
map framework, which aims to align the coarse map more closely with the re-
fined map. We begin by defining three types of self-supervised prior constraint
terms: spatial, spectral, and spatial-spectral contrastive energies, each of which
promotes the alignment of the coarse and refined maps from different directions
in Section 4.1. We then present a general refinement method that generates
refined functional and pointwise maps, applicable to both orthogonal and non-
orthogonal basis functions in Section 4.2.
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4.1 Contrastive Energy

The essence of the coarse-to-fine strategy lies in enforcing the coarse maps to
converge toward the refined maps, where the latter serves as a high-fidelity guid-
ance. To this end, we formulate a series of contrastive energy constraints based
on this coarse-to-fine hierarchy, see Fig. 1.

Spatial contrast. Given a coarse pointwise map Ilyx, the pointwise map
contrastive energy is defined as:

[Ty — I3, (5)

where H;,e)g represents the refined pointwise map. Since the refined pointwise

maps Hgf/{; encode higher-quality correspondences, they can be regarded as a
proxy for ground truth, guiding the optimization of the coarse pointwise maps
Hy)(.

If the pointwise map represents a self-mapping relationship within the shape
itself, denoted as IIyy, then the refined map II 31635 reduces to the identity map-
ping Iy € RIVYIXIVWI due to the self-evident correspondence of vertex features,
leading to

[Tyy — Iy]. (6)

Interestingly, the self-supervised constraints introduced in earlier works [16,
50] are special cases of our spatial contrastive energies, with additional details
provided in the supplementary materials.

Spectral contrast. Parallel to the spatial contrastive regularization, we
incorporate a coarse-to-fine representation for the spectral functional map Cyy,
denoted as

ICxey — CI ()

Unlike the self spatial contrastive energy Eq. (6), since spectral functional
maps are computed from a linear system Eq. (1) via the least-square method,
the resulting Cyy is necessarily equal to I. Consequently, we omit this trivial
contrastive constraint.

Spatial-spectral contrast. The coupling constraint Eq. (4), which pro-
motes properness [15,69], has proven highly effective in challenging shape match-
ing tasks. However, it specifically aligns the coarse functional maps with the
coarse pointwise maps, thereby ensuring what we term as coarse properness. In
contrast, we propose a novel spatial-spectral contrastive energy to promote fine
properness, namely,

|Gy — @} T (8)

The above equation can be interpreted as aligning spectral functional maps with
refined pointwise maps.

On the other hand, we also leverage the refined spectral functional map C;e)’j
to facilitate the optimization of the coarse pointwise maps, i.e.,

Hﬂyx - 4"3/@3@(” : 9)
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Our coarse-to-fine strategy establishes a unified bridge between deep func-
tional map frameworks and map refinement methods, by employing the afore-
mentioned contrastive energies as self-supervised losses to enhance map quality.
On the other hand, this integration allows various established axiomatic refine-
ment techniques [33,53,60,70] to generate refined maps.

4.2 Map Refinement

Despite the proposal of numerous axiomatic map refinement techniques [32,53],
they lack a unified framework capable of refining both pointwise and functional
maps simultaneously. Inspired by [48], we introduce a more generalized refine-
ment paradigm that is equally effective for both pointwise and functional map
representations, even under non-orthogonal basis functions.

Functional map refinement. We extend the refinement method proposed
in [48]—specifically, the general multi-scale Laplacian commutativity term—to
the context of non-orthogonal basis functions. For additional background and
detailed information, we strongly recommend that readers refer to the original
paper. The general multi-scale Laplacian commutativity term is as follows:

S
E(Cxy) =Y [Caygs(Ax) = gs(Ay)Cxyllis, (10)

s=1

where {gs}5_; denote the filter functions.

Although one could compute this following the approach for solving stan-
dard Laplacian commutativity in the previous study [6], such a computation is
complex and incurs significant computational overhead. Instead, we recommend
adopting a strategy similar to the prior work [48]. Specifically, we assume that

one of the functional maps is already obtained (denoted as C’fﬁ}t), then,

S
E(Cxy) =Y |Cxygs(Ax) = 9:(Ay)C¥ [is- (11)

s=1

Consequently, we only need to solve for the other functional map.

Lemma 1 The regularization term E(Cxy) can be formulated as:

S
Oy, = arg min D IV Ay (Crygs(Ax) — gs(Ap)C) /AR
s=1

where Aka = @EAX@X
Moreover, if the set of filter functions {gs(\)}5_, satisfy Parseval condition

that Y g2 (\) = 1,VA, then the functional map in Eq. (11) can be obtained via

Cxp =D 95 (Ay) OF5 g5 (Ax) - (12)
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Proof. The first statement expresses the HS-norm in terms of the Frobenius
norm. For the second claim, the formulation of Eq. (12) is analogous to that in
reference [48]. Detailed proofs are provided in supplementary materials.

Clearly, Eq. (12) can be interpreted as refining the coarse functional map
C¥4} using multiple sets of filters, analogous to signal denoising.

Pointwise map refinement. Similarly, we employ the same strategy to
generate refined pointwise maps. First, we compute the spatial functional map
Cxy = @;Hy)(@)( and then refine it via Eq. (12), yielding the refined spa-

tial functional map CA”;JJ,C Then, we utilize a common strategy originating from

ZoomOut [53], which converts the refined spatial functional map CA’;?; into a

refined pointwise map by minimizing the following energy:

o (13)

HS‘;?; = arg glin H@y - Hy)(@/y(é;%};)*
yx

where (CA’;{&J{)* = A;(lk(éf‘%];)TAy,k denotes the adjoint operator of C’;e){ The
above equation can be solved via nearest neighbor search [32], i.e.,
1/2 - 1/2 A 1
erze)? = NN ((Ay/,kéngyl)Tv (Ay/,kcgze)];‘pTXAx )T) : (14)
In the orthonormal setting, since Ax = I and Ay = I, the adjoint opera-
tor of C’;?: reduces to its transpose, i.e., (C‘;‘%’; )= (C’;%’: )T. Additionally, with
?l, A" = &%, Eq. (14) is simplified to

Iy = NN(&y, 02 (C¥)T). (15)

Algorithm 1 Map refinement
IHPUt nya HyXa {gS(AX) f:lﬂ {gS(Ay)}gzl
Output: C}%’; and H;f)f
La-normalization ensures >__ g7 (Ax) =1 and 3, g2 (Ay) = 1.

Estimate refined functional map: C{T\,e)f =>.9s(Ay) Cxygs (Ax).
Estimate refined pointwise map: (1): CA';;JJE =3, 9s (Ay) Cxygs (Ax) with Cay =
@;Hy;g@/—y. (2) Recover Hgf)f from Eq. (13).

Filter normalization. If the set of filters does not satisfy the Parseval
framework [31] (i.e., Y, g2 (\) # 1,3\), the refinement process necessitates ma-
trix inversion [48]. To circumvent numerical instability arising from matrix inver-
sion, we impose an Ly norm constraint on the filters {gs(A)}5_; to ensure they
satisfy the Parseval condition. This approach not only facilitates computation
but also enhances numerical robustness.

We summarize the generalized refinement strategy for both functional and
pointwise maps in Algorithm 1.
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5 Hybrid Self-Supervised Learning Shape Matching

In this section, we propose a novel and efficient hybrid self-supervised learning
method for non-rigid 3D shape matching, a dual-branch framework that bypasses
the computationally expensive least-squares solver. This framework consists of
an intrinsic branch, which constructs functional maps using the Laplacian ba-
sis in Section 5.3, and an extrinsic branch, which utilizes an Elastic basis for
functional map learning in Section 5.4. Each branch incorporates two distinct
computational pipelines: a refinement stream and unsupervised losses. The net-
work architecture is illustrated in Fig. 2.

Map Computation Unsupervised Loss

-y F, N
Y I HLB ref
\ —_ Map v 4
W F X Refinement — ___* Intrinsic Energy /
7 e < >
T Feature Softmax 10, t N
Extractor operator 24 | pemeeeteed
i | . P v Y
S F, Map o
r ‘} - Yy Refinement T~ '“4'5,4_,.8, Extrinsic Energy !
7Y yx \
£ ©w OV
—> Train  -—> Test Intrinsic module Extrinsic module

Fig. 2: An overview of our method. (1) Feature extraction: Utilize DiffusionNet [66]
to extract vertex representations Fx and Fy from X and ), respectively. (2) Map
computation: Employ the softmax operator and the refinement Algorithm 1 to generate
the coarse soft map ITyx and the refined hard maps I1 JL,?ref and Hg)];’”f , respectively.
(3) Unsupervised loss: Apply intrinsic and extrinsic energies (Eq. (22) and Eq. (31)) to
supervise the network learning. (4) Map recovery. Use Eq. (17) and Eq. (32) to recover
the pointwise maps during inference.

5.1 Eliminating Least-Squares Optimization

Solving the functional map optimization problem via least-squares, as shown
in Eq. (1), has become a standard component in many state-of-the-art meth-
ods [6,11,13-16,19, 38,39, 48]. However, the least-squares solver introduces sig-
nificant computational overhead. For instance, HybridFMaps [6] requires solving
a dense k% x k? linear system (where k is the number of eigenvectors, typically
between 100 and 200); detailed runtimes are provided in supplementary materi-
als. Furthermore, least-squares solvers can suffer from numerical instability and
require higher-dimensional feature inputs [50]. Consequently, although we have
designed a series of regularization terms Eq. (7), Eq. (8), and Eq. (9) for spec-
tral functional maps that could potentially enhance performance, we deliberately
bypass these potential gains in favor of computational efficiency. Instead, we es-
tablish a highly efficient shape matching framework based solely on pointwise
map constraints.
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5.2 Coarse Map

The coarse map refers to the initial mapping generated prior to any refinement
operations. To ensure both differentiability and computational efficiency, after
extracting shape features Fx and Fy, we follow several state-of-the-art meth-
ods [15,25,48] by employing a softmax operator to compute the differentiable
pointwise map matrix, defined as:

ITyx = Softmax(FyFy /7), (16)

where the element at position (j, ) represents the probability of correspondence
between the j-th point on ) and the i-th point on X', and 7 is the temperature
factor to determine the softness of the matrix.

5.3 Intrinsic Branch

The Laplacian basis encodes essential intrinsic spectral information and has been
widely adopted in functional map-based methods. Motivated by its efficacy, we
utilize the spectral basis to construct the intrinsic self-supervised learning branch
of our framework.

Non-differentiable refined map. The refined map is designed to provide
optimization guidance for the coarse soft map, therefore it does not strictly
require differentiability. On the other hand, an ideal soft correspondence matrix
11y x should approximate a binary correspondence matrix. This implies achieving
optimal discriminativity, where the mapping is concentrated on the most similar
candidate points while maintaining maximum separation from the remaining
low-similarity or dissimilar points.

We first compute the initial binary pointwise map matrix based on a nearest

neighbor search, i.e., o
Hﬁ,”}(t = NN(Fy, Fx), (17)

where Hi',";@t € {0, 1}/ IxIVxl Subsequently, we apply the Algorithm 1 to derive
the refined binary pointwise map Hﬁg’ref .

Unsupervised loss. Unsupervised loss functions are essential for learning
functional maps. Our unsupervised loss design consists of two components: the
widely used geometric prior constraints [58, 59] and the self-supervised con-
straints proposed previously.

Geometric prior constraints impose structural penalties on the mapping, such
as bijectivity and orthogonality. However, these constraints fail to penalize the
image of ITyy that lies outside the span of @y. Inspired by [58], we employ
variants of orthogonality and bijectivity penalties to constrain the coarse map
Iy, formulated as:

LEP = @47 — myaaiP (CR5)T (18)

and X
LLE — H%B _ HngP%(BC)L,ﬁHF, (19)
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respectively, where @ng € RIVxIxk"®

However, directly imposing these constraints on coarse maps would lead to a
significant numerical discrepancy between different losses, as the orthogonality
Eq. (18) and bijectivity terms Eq. (19) are defined in RV»** while the spatial
contrastive losses Eq. (5) and Eq. (6) reside in RV *Nx and RNY*Ny | respec-
tively. This imbalance could cause network training to fail. To address this, we
multiply by the corresponding Laplacian basis, which not only ensures numerical
consistency across loss terms but also has no adverse impact on the optimization
of the coarse map, namely,

LcLTB;ss HHyXQsiB H;_ﬁ Tf’f@LBHF : (20)

On the other hand, for self-spatial contrast energy, we also leverage the fine
pointwise map Iy to facilitate the optimization of the coarse maps, i.e.,

LB
Lself ||Hyy@ QSJJ ||F (21)
The unsupervised losses of the intrinsic branch are expressed as:
LB LB LB LB7LB
Ltotal = acroschroes eself self + sz L 0 Lor ’ (22)

where 75 denotes the corresponding weight.

5.4 Extrinsic Branch

As the functional map learning pipeline on the extrinsic branch mirrors the
intrinsic branch in its underlying formulation, we omit repetitive details for the
sake of brevity and focus on the primary distinctions.

Non-differentiable refined map. Similarly, by employing Algorithm 1
with the same initial pointwise map, we can obtain the refined binary pointwise
maps, denoted as Hgfgmf.

Unsupervised loss. To impose a structured penalty on elastic maps, we in-
troduce, for the first time, novel orthogonality and bijectivity loss terms, denoted
as:

L5t = |@5F — 1y ofh Ry (23)

HS

and

r=|legt - myeRr sk (24)

EL
where QPEL € RIVxIxE™™

These are reformulated in terms of the standard Frobenius norm, denoted

as:
LgnL:HA;/Z (@5 — Ty ®EL(CEL )‘1/2H (25)

and
L_ HA;/Q <¢5L — Ty @EL(CEL) ) A_l/QH (26)
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respectively.
Analogously, for the spatial contrastive regularizer defined on elastic bases,
we have

LEL,. = |[Mya @l — IR 0k (27)
and
EL EL
Lty = M35 @3" = 25" s - (28)
Expressing them by the Frobenius norm, namely,
1/2 ELre —1/2
LEE . = |4y (iyas - 5okt ) AP (29)
and
self - HA1/2 QS _1/2H (30)

respectively. Then, the unsupervised losses of the extrinsic branch are repre-
sented as:
EL 7EL ELTEL
Ltotal = ecroschross + Hself self + 9 + 007“ Lor . (31)

Finally, overall losses Liota; = Lt(fal + Ltotal and the detailed proofs of
Eq. (25), (26), (29), and (30) are provided in supplementary materials.

5.5 Inference

Inspired by [15], employing distinct recovery strategies during the inference stage
yields more robust results, a practice widely adopted in existing state-of-the-
art approaches [6, 14, 16, 38]. For non-isometric matching scenarios, we directly
recover pointwise maps from the learned feature embedding space using the
nearest neighbor algorithm, namely, ITyxy = NN(Fy, Fy). For near-isometric
matching scenarios, we recover pointwise maps from the hybrid basis space by
applying the proposed map refinement to the obtained ITyy, i.e.,

15 = NN (257114} 05 A5 T 08P (R ) ) (Y3 C55 I kT AR ™),
(32)
where || denotes matrix concatenation.

6 Experimental Results

6.1 Datasets

We extensively evaluate our method on widely used challenging benchmarks,
including

— Near-isometry. The near-isometric datasets comprise remeshed FAUST(F
for short) [60], SCAPE [60], and challenging SHREC’19 [52]. Moreover,
anisotropic meshing datasets FAUST [15](F _a for short) and SCAPE [15]
were used to evaluate robustness across different discretizations.
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— Non-isometry. Commonly employed non-isometric datasets include SMAL [80]
and DT4D-H [51]. DT4D-H offers two configurations: intra-class and inter-
class. We omit the intra-class setting because it is overly simple, thereby
precluding further evaluation of the method’s performance. Consequently,
we retain SMAL and the most challenging DT4D-H inter-class setting.

— Topological noise. The TOPKIDS dataset [37] is employed to evaluate our
method’s robustness to topological noise.

The training and testing protocols on SMAL follow the same procedure as pre-
vious related studies [19,79], and the remaining datasets use the same splits as
those in many earlier works [15,39].

6.2 Baselines

We extensively compare our method with existing non-rigid deformable shape
matching methods, which we categorize as follows:

— Aziomatic approaches, including ZoomOut [53], Smooth Shells [24], Discre-
teOp [58], and MWP [33].

— Supervised approaches, FMNet [42], GeomFMaps [20].

— Unsupervised approaches, including Deep Shells [26], DUO-FMNet [19], At-
tentiveFMaps [39], REMNet [34], ULRSSM [15], DiffZO [50], HybridFMaps [6],
DeepFAFM [48], and DenoiseFMaps [79].

Excluding test-time fine-tuning. Employing a fine-tuning technique dur-
ing the inference stage can significantly enhance method performance [15], par-
ticularly in terms of generalization capability. However, except for ULRSSM [15]
and HybridFMaps [6], the remaining baselines do not adopt any fine-tuning
strategies during inference to improve matching performance. Utilizing that re-
finement technique involving parameter updates during the inference stage would
lead to unfair competition with the other unsupervised methods. Therefore, we
omit the fine-tuning technique from ULRSSM and HybridFMaps.

6.3 Results

The mean geodesic error [36] is adopted to evaluate correspondence accuracy,
with all results multiplied by 100 for improved readability.

Near-isometric matching. These results are summarized in Table 2. We
achieve competitive performance in near-isometric matching scenarios, surpass-
ing many axiomatic, supervised, and unsupervised methods. For instance, on the
FAUST dataset, our method achieves the second-best performance.

Cross-dataset generalization. Cross-dataset generalization is a critical
metric for evaluating a method’s practical effectiveness. We assess this by train-
ing our model on one dataset and testing it on an unseen one, with quantitative
results reported in Table 2. Our method achieves highly competitive perfor-
mance across most settings. Notably, even on the more challenging SHREC’19
dataset [52] (i.e., training on FAUST or SCAPE and testing on SHREC’19),
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Table 2: Evaluating the matching results across various benchmarks, including
near-isometric shape matching, cross-dataset generalization (FAUST, SCAPE, and
SHREC’19), anisotropic meshing (F_a and S_a), non-isometric shape matching
(SMAL and DT4D-H), and matching with topological noise (TOPKIDS), respectively.
The numbers in the table are mean geodesic errors (x100). Bold: Best. Underline:
Runner-up.

Train FAUST SCAPE FAUST SCAPE SMAL DT4D-H inter TOPKIDS
Test F S S19 F S S19F aS aF aS_a
Axiomatic Methods
ZoomOut [53] 61 75 - 61 75 - 87 15.0 87 15.0 47.7 29.0 33.7
SmoothShells [24] 25 47 - 25 47 - 54 50 54 50 349 6.3 35.5
DiscreteOp [58] 5.6 13.1 - 5.6 13.1 - 6.2 146 6.2 14.6 36.1 27.6 10.8
MWP [33] 3.1 41 - 31 41 - 82 87 82 87 209 25.4 5.7
Supervised Methods
FMNet [42] 11.130.0 - 33.017.0 - 42.0 43.0 43.0 41.0 - 38.0 -
GeomFMaps [20] 26 34 99 30 30 122 32 3.8 84 3.1 43 4.1 -
Unsupervised Methods
Deep Shells [26] 1.7 5.4 274 2.7 2.5 23.412.0 16.0 15.0 10.0 21.4 31.1 13.7
DUO-FMNet [19] 25 42 64 27 26 84 3.0 44 31 2.7 48 15.8 -
AttentiveFMaps [39] 1.9 2.6 6.4 2.2 22 99 24 28 25 23 44 11.6 23.4
RFMNet [34] 1.7 2.3 63 1.7 2.1 69 36 26 36 39 44 13.9 -
ULRSSM [15] 1.6 6.7 145 48 1.9 185 25 89 70 19 4.5 5.2 9.4
DiffZO [50] 19 24 4.2 19 24 69 22 38 27 24 43 4.1 -
HybridFMaps [6] 1.4 42 95 23 1.813.0 20 46 34 1.8 3.5 3.9 5.0
DeepFAFM [48] 1.6 27 70 1.9 19 79 20 29 2.6 19 39 4.2 6.3
DenoiseFMaps [79] 1.8 - - - 23 - 20 - - 23 43 12.8 43.6
Ours 1.6 2.4 44 1.6 2.0 4.0 1.9 2.4 2.4 1.9 2.9 3.5 4.9

Source ULRSSM HybridFMaps DeepFAFM DenoiseFMaps Ours GT

Fig. 3: Qualitative non-isometric matching results on the SMAL (top) [80] and DT4D-
H (bottom) [51] datasets. Our method consistently suppresses matching errors and
preserves texture coherence better than alternative methods, underscoring its efficacy
in challenging non-isometric scenarios.

our performance remains robust. In contrast, existing state-of-the-art meth-
ods—such as DUO-FMNet [19], ULRSSM [15], and HybridFMaps [6]—exhibit
varying degrees of degradation in relatively simpler cross-dataset scenarios (e.g.,
training on FAUST, testing on SCAPE) and suffer even steeper performance
drops on SHREC’19. These quantitative findings confirm that our approach
generalizes substantially better than current baselines.
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Matching with anisotropic meshing. To evaluate the robustness of the
method under different surface discretizations, we trained on remeshed data
and tested on anisotropic remeshed data. The quantitative results are shown
in Table 2. Many state-of-the-art methods exhibited varying degrees of fluctua-
tion. For example, the accuracy of DiffZO significantly dropped when training
on FAUST and testing on anisotropic remeshed SCAPE (S _a). However, our
method achieved outstanding performance in most scenarios, demonstrating the
robustness of our approach to discretization variations and showing that it con-
sistently outperforms current supervised and unsupervised methods.

Non-isometric matching. We evaluate our method on the highly chal-
lenging non-isometric SMAL and DT4D-H datasets, with quantitative results
presented in Table 2. Across all non-isometric settings, our method consistently
outperforms all baselines—even fully supervised ones—firmly validating its ef-
fectiveness and reliability. In contrast, existing methods such as DenoiseFMaps
exhibit a significant drop in accuracy on the particularly demanding DT4D-
H dataset. Furthermore, the qualitative results in Fig. 3 demonstrate that our
approach yields significantly lower matching errors and more coherent texture
transfers compared to competitive baselines. Together, these results underscore
our framework’s superior performance and robustness when handling large-scale
non-isometric deformations.

Matching with topological noise. We conducted experiments on the
SHREC’16 TOPKIDS dataset [37] to evaluate robustness against topological
perturbations. The results are summarized in Table 2. Many functional map
learning methods [39,79] struggle to produce satisfactory results, as the intrinsic
geometric structure is distorted. In contrast, our method still outperforms all
baselines and achieves superior performance under such conditions.

For additional comparisons and discussions, please refer to the supplementary
materials.

7 Conclusion

We propose a novel and effective hybrid self-supervised method for non-rigid
shape matching, based on the proposed coarse-to-fine strategy. Extensive exper-
iments demonstrate that our method outperforms existing state-of-the-art meth-
ods in terms of matching accuracy, generalization capability, and computational
efficiency. Finally, we rigorously demonstrate that contrastive energies promote
feature discrimination and yield consistent improvements when integrated into
existing architectures, further confirming the validity of our approach.
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