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Abstract

Establishing point-to-point correspondences across multiple
3D shapes is a fundamental problem in computer vision
and graphics. In this paper, we introduce DcMatch, a novel
unsupervised learning framework for non-rigid multi-shape
matching. Unlike existing methods that learn a canonical
embedding from a single shape, our approach leverages a
shape graph attention network to capture the underlying man-
ifold structure of the entire shape collection. This enables the
construction of a more expressive and robust shared latent
space, leading to more consistent shape-to-universe corre-
spondences via a universe predictor. Simultaneously, we rep-
resent these correspondences in both the spatial and spectral
domains and enforce their alignment in the shared universe
space through a novel cycle consistency loss. This dual-level
consistency fosters more accurate and coherent mappings.
Extensive experiments on several challenging benchmarks
demonstrate that our method consistently outperforms pre-
vious state-of-the-art approaches across diverse multi-shape
matching scenarios.

Code — https://github.com/YeTianwei/DcMatch

Introduction

Shape matching is a fundamental problem in computer vi-
sion and graphics (Van Kaick et al. 2011; Sahillioglu 2020),
which aims to establish accurate point-to-point correspon-
dences between 3D shapes. It supports a wide range of ap-
plications, including texture transfer in graphics, statistical
shape analysis in medical imaging, and 3D reconstruction
in computer vision. While most existing work focuses on
matching shape pairs, recent advances in 3D scanning tech-
nology have made it increasingly common to capture multi-
ple shapes simultaneously—for instance, different scans of
the same object under varying conditions. In this context,
establishing correspondences across a collection of shapes,
known as multi-shape matching, becomes essential.
Although recent pairwise shape matching methods have
achieved promising results (Bastian et al. 2024; Zhuravlev,
Liahner, and Golyanik 2025), extending them to the multi-
shape setting poses significant challenges. First, multi-shape
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Figure 1: Overview of mainstream multi-shape match-
ing paradigms. (Left) The permutation synchronization
paradigm, which consists of two stages: computing pairwise
correspondences and enforcing cycle consistency via post-
processing. (Right) The universe-based paradigm, which in-
troduces a virtual universe shape and reduces the multi-
shape matching problem to a set of pairwise mappings.

matching requires cycle consistency across the shape col-
lection—namely, the composition of maps along any closed
cycle should yield the identity map. This global constraint,
which is absent in pairwise settings, considerably increases
the problem’s complexity. Secondly, the number of shape
pairs grows combinatorially with the size of the shape set,
leading to substantial computational overhead.

To address the challenges of multi-shape matching, exist-
ing methods generally fall into two main paradigms, as il-
lustrated in Fig. 1. The first paradigm imposes cycle consis-
tency constraints directly on pairwise mappings to enforce
global consistency. Known as permutation synchronization
(Pachauri, Kondor, and Singh 2013; Bernard et al. 2019a),
this approach offers flexibility but typically involves a two-
stage optimization process and often leads to spatially non-
smooth and noisy results. The second paradigm introduces a
shared latent domain, commonly referred to as the universe,
which converts pairwise correspondences into mappings be-
tween each shape and the universe (Cosmo et al. 2017;
Bernard et al. 2019b). This formulation enforces global con-
sistency by construction. However, most methods within this
paradigm typically learn the universe embedding from a sin-
gle shape, in either the spatial (Cao and Bernard 2022) or
spectral (Huang and Guibas 2013) domain, thereby reduc-
ing multi-shape matching to a collection of isolated pair-
wise problems. This often neglects the structural relation-
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ships within the shape collection and leads to suboptimal
performance (Eisenberger et al. 2023).

To tackle the above limitations, we propose DcMatch, a
novel unsupervised multi-shape matching framework that
enforces dual-level cycle consistency. Our pipeline begins
by extracting per-vertex features for each shape using a fea-
ture extractor. Inspired by the accuracy of pairwise matching
in permutation synchronization methods, we directly com-
pute functional maps and point-wise correspondences from
these features. In parallel, instead of learning a canonical
embedding from a single shape as in prior universe-based
approaches, we model the entire shape collection as an undi-
rected graph and employ a graph attention network to ex-
tract manifold-aware features that capture the underlying ge-
ometric structure. These features are then fed into a universe
predictor to estimate shape-to-universe correspondences. By
doing so, our model effectively learns a universe embed-
ding enriched with manifold information. Beyond this, by
leveraging the inherent cycle consistency of functional maps
combined with the global consistency of shape-to-universe
matching, we enforce consistency between these two align-
ment paths, thereby improving robustness and consistency
in the shared universe space. Through this dual-level con-
sistency, our method achieves more accurate and coherent
multi-shape matching in a fully unsupervised setting. Exten-
sive experiments on diverse datasets demonstrate the com-
petitive performance of our approach.

We summarize our main contributions as follows:

1. We propose a novel unsupervised framework for multi-
shape matching that enforces both spectral and spatial
cycle consistency, resulting in more accurate and coher-
ent correspondence predictions.

2. We introduce a shape graph attention module that cap-
tures the underlying manifold structure of the entire
shape collection. This facilitates the construction of a ro-
bust and generalizable universe space, in contrast to prior
methods that learn from a single reference shape.

3. We conduct extensive experiments under various set-
tings, demonstrating that our method achieves state-of-
the-art performance across challenging benchmarks.

Related Work

We refer interested readers to (Van Kaick et al. 2011;
Sahillioglu 2020) for a comprehensive review. Here, we
highlight only the approaches most relevant to our method.

Functional Maps

Functional maps, first introduced by (Ovsjanikov et al.
2012), have become one of the most widely used frame-
works in shape matching. By representing point-wise corre-
spondences as compact matrices in the spectral domain, they
offer substantial computational efficiency. Thanks to their
concise and flexible formulation, functional maps have been
extended in various directions to improve accuracy and ro-
bustness (Eynard et al. 2016; Melzi et al. 2019b; Ren et al.
2019), and to handle more challenging scenarios, includ-
ing partial (Litany et al. 2017b; Rodola et al. 2017), non-

isometric (Nogneng and Ovsjanikov 2017; Ren et al. 2021,
2018), and non-unique shape matching (Ren et al. 2020).

Learning Method Based on Functional Maps

Unlike axiomatic functional map methods that depend
on hand-crafted descriptors (Sun, Ovsjanikov, and Guibas
2009; Aubry, Schlickewei, and Cremers 2011; Salti,
Tombari, and Di Stefano 2014), recent approaches learn fea-
ture descriptors directly from data. FMNet (Litany et al.
2017a) introduced a supervised framework that transforms
SHOT descriptors into more effective embeddings for func-
tional map estimation. This was extended to the unsuper-
vised setting in (Halimi et al. 2019; Roufosse, Sharma,
and Ovsjanikov 2019) by introducing regularization-based
losses. More recently, DiffusionNet (Sharp et al. 2022) has
enabled robust, resolution-aware feature extraction, inspir-
ing several state-of-the-art methods (Cao and Bernard 2022;
Cao, Roetzer, and Bernard 2023; Li, Donati, and Ovsjanikov
2022; Donati, Corman, and Ovsjanikov 2022; Bastian et al.
2024) that perform well across diverse shape datasets.

Multi-shape Matching

Early multi-shape matching methods enforce cycle consis-
tency via semidefinite programming or convex relaxation,
but often yield sparse correspondences and poor scalability.
Within the functional map framework, Consistent ZoomOut
(Huang et al. 2020) synchronizes maps via a shared ba-
sis but depends on good initialization. IsoMuSh (Gao et al.
2021) jointly enforces consistency on pointwise and func-
tional maps but is restricted to near-isometric shapes. Cy-
coMatch (Xia et al. 2025) builds cycle-consistent bases via
a graph in a two-stage pipeline. Recently, learning-based
approaches have improved scalability. UDMSM (Cao and
Bernard 2022) predicts a canonical embedding to promote
cycle consistency, while G-MSM (Eisenberger et al. 2023)
leverages a heuristic to model the shape collection’s under-
lying manifold.

Background

In this section, we first review the deep hybrid functional
maps pipeline (Bastian et al. 2024), then revisit cycle con-
sistency with corresponding theoretical insights.

Deep Hybrid Functional Maps

Given a pair of 3D shapes S; and Sj, represented as triangle
meshes with n; and n; vertices respectively, the hybrid func-
tional map framework aims to represent dense correspon-
dences in a compact, linear form. The main pipeline consists
of the following steps:

1. Compute two sets of basis functions for each shape: (i)
the first krp eigen-functions of the Laplace Beltrami
operator (LBO) (Pinkall and Polthier 1993), denoted as
O, € R™>Fus_ and (ii) the first kgias eigen-functions
of the elastic thin-shell energy (Hartwig et al. 2023), de-
noted as ¥; € R *ketas

2. Extract vertex-wise feature descriptors F; € R™*? ys-
ing a scalable network (Sharp et al. 2022), where d is



the feature dimension. These features are projected onto
both sets of basis functions to obtain spectral coefficients
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3. Solve the block-diagonal map Cj; = diag(C}}', C7?) €

R (ks +kmas) < (kus+heias) by minimizing regularized ob-
jectives per basis:

Cll = arg mcin Ena(C) + AL ER (O),

EYB(C) = |[CA® — AFP|7 (1)
2
Ey (C) = ||CAY® = A7PC .,

reg

C} = arg mcln ER(C) 4 Aetas (0,

reg
2
B (C) = [|CAT™ — A7, 0 @)

EElas(C) _ ||CAE1aS o A?]laso”ils ,

reg

where My, .+ = \I/jTMj U, denotes the reduced mass
matrix induced by the elastic basis on shape S, ||||;g
represents the Hilbert-Schmidt norm and A;, A; are di-
agonal eigenvalue matrices for each basis.

4. Convert the hybrid functional map C;; into a point-
wise correspondence II;; € {0,1}"*" using nearest-
neighbor search or other post-processing techniques
(Melzi et al. 2019b; Pai et al. 2021; Vestner et al. 2017,
Xia et al. 2024), based on the relation:

Cycle Consistency Formulation

We begin by defining the notion of cycle consistency.
Let S = {S;}7_; be a collection of shapes, and let
P = {Il;}}';—; and C = {Cj;}};_, denote the sets
of point-wise and functional maps, respectively. The set
P is said to be cycle consistent if, for any closed se-
quence of shapes {i,j,k,...,l,i}, the composed map sat-
isfies II;;1L;; .. . II;; = I, where I denotes the identity map
(Huang and Guibas 2013). A similar definition applies to the
set of functional maps C.

Rather than explicitly enforcing cycle consistency over all
shape pairs, the same principle can be realized implicitly
through a shape-to-universe formulation (Huang and Guibas
2013; Tron et al. 2017; Gao et al. 2021). In this setting, each
shape is associated with a shared canonical domain - referred
to as the universe shape - via a one-to-one point-wise corre-
spondence. Pairwise correspondences are then constructed
by composing the shape-to-universe and universe-to-shape
maps, inherently ensuring global consistency (Huang and
Guibas 2013). Specifically, let I1; denote the correspondence
between shape S; and the universe. The point-wise corre-
spondence II;; between S; and S; is given by:

I; = ILIL) 4)

where first maps S; to the universe and then back to S;.

Likewise, functional maps exhibit natural cycle consis-
tency under the universe-based formulation (Sun et al.
2023), as formalized below.

Theorem 1. Let the total energy over all shape pairs be
defined as E(C) = Zm Euaa(Cij) + AEwe(Cij). If
Eipiai(C) = 0, then for any shape Si and any closed cy-
cle {i,j,...,l,i}, the composed functional map satisfies
CiyAi = A, Le., it acts as the identity on the subspace
spanned by A;.

In practice, A; is typically of full row rank, as we gener-
ally set d > ki + kglas. Under this condition, Theorem 1
implies C;; = I, from which it follows that the entire set
C = {Ci;}}'j—1 is cycle consistent. In this case, A; can
be interpreted as a functional embedding of shape S; into
a shared universe. Analogous to Eq. (4), the functional map
between any two shapes can be expressed as:

Cij = AjAL (5)
Method

In this section, we detail our proposed method, as illustrated
in Fig. 2. The pipeline begins with feature extraction, fol-
lowed by the functional maps component. We then intro-
duce the shape graph attention module, which captures inter-
shape relationships across the shape set. Subsequently, the
shape-to-universe correspondences are established through
the universe predictor module. Finally, we describe the un-
supervised loss functions used to train the network.

Feature Extractor

We begin by extracting features from a set of input shapes
S = {8} ;. For each shape, we compute per-vertex fea-
tures that serve as the foundation for all subsequent com-
ponents. We employ DiffusionNet (Sharp et al. 2022) as
our feature extractor, owing to its robustness to variations in
mesh resolution and sampling density. This ensures consis-
tent and discriminative features across diverse shape collec-
tions. The extracted features are denoted as F = {F; }I;.

Functional Maps Module

For notational simplicity, we consider a shape pair S;
(source) and S; (target) from the collection & = {S;}1;
when describing operations between two shapes.

The functional maps module is responsible for establish-
ing direct correspondences between shape pairs. Specifi-
cally, it computes bidirectional functional maps C;; and C;,
along with the corresponding point-wise map II;; between
S; and S;. This module comprises two components: a func-
tional map solver and a point-wise map solver, both of which
take as input the features produced by the feature extractor.

Functional Maps Solver We employ a regularized func-
tional map formulation to estimate C;; and C);. During
training, we incorporate regularization terms promoting bi-
jectivity and orthogonality, following (Ren et al. 2019):

Lsuet = AbijLoij + Aorth Lorths (6)



\

Sinkhorn R

A

Universe Predictor I1;

{Gij}

{I;:}

Lspectral Lcycle

Shape Graph
Sy / Attention Module
Sz
FMap Solver
Feature
Extractor
PMap Solver
Shape Graph

4

Attention Module

Sinkhorn

» Universe Predictor —— l'Ij

Figure 2: Method Overview. Given a collection of shapes S = {S; }},, we first extract per-vertex features 7 = {¥;}7_; using
DiffusionNet. These features are then used to compute bidirectional functional maps {C;; } and point-to-point correspondences
{IL;; }. Meanwhile, the shape graph attention module generates manifold-aware features for each shape, which are passed to the
universe predictor to estimate the correspondences between each shape and a shared virtual universe. In addition to the spectral
loss, we implement a cycle consistency loss to further align the spatial and spectral consistency in the shared universe space.

where

Loy = 30 1Ci;Chi = W[z + [CiCij — Uz, (7)

Lo = Y0, lC5C — T2+ [C3Cy — T ®

Point-wise Map Solver The point-wise map II;; is theo-
retically expected to be a (partial) permutation matrix:

{Hij c {O, l}m’,xn? : Hijlnj =1,,, ILHM < lr—[j}v
)
where II,;(s, ¢) indicates the correspondence between the
s-th vertex of S; and the ¢-th vertex of S;. Following (Eisen-
berger et al. 2021), we estimate II;; by computing the simi-
larity between feature matrices JF; and F;:

I1;; = softmax(F; 7, /7), (10)

where 7 is a temperature parameter that controls the sharp-
ness of the assignment distribution.

Shape Graph Attention Module

Shape collections typically exhibit structured relationships
rather than consisting of independent entities. Some shapes
are more similar to each other, and mappings between sim-
ilar shapes often share intrinsic geometric correlations. To
capture these dependencies, we first construct a shape graph
and employ a Graph Attention Network (GAT) (Brody,
Alon, and Yahav 2022) to refine the per-shape features F =
{Fi}_,. The edge set & of the graph is defined based on the
top-k cosine similarities between shape features:

E={(i,5),|,j € Top-k(cos(F;, F;))} . (11)

This connects each shape to its most similar neighbors,
forming a graph that encodes the underlying geometric
structure of the shape set.

To extract manifold-aware features, we employ a GAT,
which dynamically learns attention weights between con-
nected shapes. Unlike fixed edge weights, the attention
mechanism adaptively computes inter-shape affinities, en-
abling more flexible and expressive feature aggregation. We
begin by applying mean pooling to the per-vertex features
of each shape, resulting in a shape-level descriptor. Given a
pair of shapes (3, 7), the attention weight «;; is computed as:

exp (a'LeakyReLU (W - [F;||F;]))
> iren, exp (aTLeakyReLU (W - [F;[|F7]))’
(12)
where W is a learnable weight matrix and a is a learnable
attention vector. The final manifold-aware feature for shape
S; is obtained by aggregating features from its neighbors,
weighted by attention:

Olij =

/

Fl=o (Z]EM s ~ij) , (13)

where o denotes a non-linear activation function. We use
a two-layer GAT to model the local structure of the shape
graph, followed by a LayerNorm and dropout on the final
output to improve stability and generalization.

Through message passing on the shape graph, each
shape’s representation is enriched with contextual informa-
tion from its neighbors, capturing the underlying manifold
structure. To preserve both local geometric detail and global
structural context, we concatenate the original features F;
with the aggregated features ]-'; to form the final representa-

tion G = {G;}?,, where G; = []-'Z/||]-'Z]

Universe Predictor Module

The universe predictor takes as input the shape-level features
G = {G;}™_, produced by the graph attention module, and
predicts a correspondence II; that maps each shape S; to



Table 1: Quantitative results on near-isometric datasets (FAUST, SCAPE, SHREC’19) and anisotropically remeshed
versions (FAUST _a, SCAPE_a). The best results are shown in bold.

Train FAUST SCAPE FAUST+SCAPE

Test FAUST FAUST.a SCAPE SCAPE_a FAUST SCAPE SHREC’19

ZoomQOut 6.1 8.7 7.5 14.0 6.1 7.5 -
% SmoothShells 2.5 54 4.7 5.0 2.5 4.7 -
< DiscreteOp 5.6 6.2 13.1 14.6 5.6 13.1 -
3 Deep Shells 1.7 12.0 2.5 10.0 1.6 2.4 21.1
% DUO-FMNet 2.5 3.0 2.6 2.7 2.5 4.3 6.4
§ AttentiveFMaps 1.9 2.4 22 2.3 1.9 23 5.8
-§ ULRSSM 1.6 1.9 1.9 1.9 1.6 2.1 4.8
& HybridFMaps 1.5 1.8 1.8 1.9 1.5 2.0 4.5

DenoisFMaps 1.7 2.0 2.1 2.2 1.7 2.0 6.3
% Consistent ZoomOut 2.2 7.3 2.5 12.1 2.2 2.5 -
< IsoMuSh 44 - 5.6 - 44 5.6 -
3 CycoMatch 3.8 9.2 4.7 13.6 3.8 4.6 -
S UDMSM 15 15.3 2.0 49 1.7 3.2 17.8
= G-MSM 1.5 12.7 1.8 28.1 1.5 2.1 6.8
= Ours 14 1.7 1.8 1.8 14 1.9 4.2

the shared universe. Following UDMSM (Cao and Bernard
2022), we utilize a DiffusionNet architecture to generate
these assignment matrices, where the number of output
columns corresponds to the number of universe points.

In the universe-based formulation, each vertex in a shape
is assigned to a single universe point, while each universe
point maps to at most one shape vertex. Thus, II; is a (par-
tial) permutation matrix:

I, {H € {0, 1™ M, =1, 1] T < 12}, (14)

where c denotes the number of universe points.

To enable end-to-end training, we apply Sinkhorn normal-
ization (Sinkhorn and Knopp 1967; Mena et al. 2018) to the
raw network outputs. This iterative normalization projects
assignment scores into a doubly stochastic matrix, serving
as a smooth, differentiable approximation of a partial per-
mutation. It enables the network to learn discrete constraints
in a relaxed yet consistent manner, supporting optimization
in a fully unsupervised setting.

Loss Functions

Spectral Loss The spectral loss integrates both structural
regularization (Eq. (6)) and a coupling term. The coupling
loss Lcouple €ncourages the point-wise maps II;; and II;; to
be consistent via the functional maps:

n
ZiJ

»Ccouple = Cij - (I)jHjiq)z

The total spectral loss is given by:

ACspeclral = ‘Cslrucl + Acoupleﬁcouple- (16)

Cycle Consistency Loss In our framework, shape-to-
universe alignment can be realized in two compatible forms.
The functional map coefficient matrix .A; maps the spectral

2 ; 2
Pt HCU a \IliHji\IleHs '
(15)

basis of shape S; to a shared latent universe, resulting in the
aligned embedding ®;.4;. Alternatively, the point-wise cor-
respondence matrix 1I; projects shape vertices directly onto
the universe, yielding a universe-aligned embedding I, ®;.

To exploit this structural redundancy, we introduce a
novel cycle consistency loss that enforces consistency be-
tween these two alignment paths across the shape collec-
tion. This constraint leverages the intrinsic cycle consistency
of functional maps while regularizing the learning of shape-
to-universe matching matrices, enhancing robustness against
noise and structural variability.

We consider two variants of this loss. For near-isometric
shapes, we use a Frobenius norm formulation:

n
Zi,j

For more general deformations, we adopt a cosine simi-
larity formulation:

~ ~ 2
»Ccycle = ’H;r(bzqu - HJT(I)jA]HF . a7

Lot = X0 (1 — cos (HjciiAi, HﬁjAj)) . 38)
The final loss combines the spectral and cycle terms:
£t0tal = Especlral + /\cycleﬁcycle- (19)

Experiment

In this section, we evaluate our approach on multiple bench-
marks and compare it against state-of-the-art methods.

Baselines We compare our method with a wide range
of baselines, including pairwise methods (ZoomOut (Melzi
et al. 2019b), SmoothShells (Eisenberger, Lahner, and Cre-
mers 2020), DiscreteOp (Ren et al. 2021), DeepShells
(Eisenberger et al. 2020), DUO-FMNet (Donati, Cor-
man, and Ovsjanikov 2022), AttentiveFMaps (Li, Do-
nati, and Ovsjanikov 2022), ULRSSM (Cao, Roetzer, and
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Figure 3: Proportion of Correct Keypoints (PCK) curves and Area Under Curve (AUC) values on SHREC’19, SMAL,
and DT4D-H inter-class, comparing our method with ULRSSM and HybridFMaps.

Bernard 2023), HybridFMaps (Bastian et al. 2024), De-
noisFMaps (Zhuravlev, Lihner, and Golyanik 2025)) and
multi-matching approaches (ConsistentZoomOut (Huang
et al. 2020), IsoMuSh (Gao et al. 2021), CycoMatch (Xia
et al. 2025), UDMSM (Cao and Bernard 2022), G-MSM
(Eisenberger et al. 2023)).

Evaluation Metrics Following the Princeton benchmark
protocol (Kim, Lipman, and Funkhouser 2011), we report
the average geodesic error (x100) as the evaluation metric.

Near-isometric Shape Matching

Datasets We evaluate on three near-isometric datasets:
FAUST (Bogo et al. 2014), SCAPE (Anguelov et al. 2005),
and SHREC’19 (Melzi et al. 2019a), using their remeshed
versions (Ren et al. 2018; Donati, Sharma, and Ovsjanikov
2020). FAUST contains 100 human shapes across 10 sub-
jects and 10 poses, with a 80/20 train-test split. SCAPE in-
cludes 71 shapes from a single subject, split 51/20 for train-
ing and testing. SHREC’19 consists of 44 human shapes
with more variation in body type and pose, used solely for
testing, excluding shape 40 due to its non-closed geometry.

Results We compare our method with both pairwise shape
matching algorithms and multi-shape matching frameworks.
Table 1 reports the average geodesic error for all meth-
ods. Compared to pairwise approaches, our method con-
sistently achieves superior performance across most set-
tings and datasets. When compared to multi-shape base-
lines, it demonstrates strong generalization, particularly on
the SHREC’ 19 dataset. We attribute this to the model’s abil-
ity to capture the underlying manifold structure of the shape
collection, leading to more robust correspondences on un-
seen shapes. The Proportion of Correct Keypoints (PCK)
curves on the SHREC’ 19 dataset are shown in Fig. 3 (left).

Matching with Anisotropic Meshing

Datasets To assess robustness to mesh connectivity vari-
ations, we follow DUO-FMNet (Donati, Corman, and Ovs-
janikov 2022) and use anisotropically remeshed versions of
FAUST and SCAPE (FAUST_a and SCAPE_a), where fea-
ture uneven triangulations with small, dense triangles on one

Table 2: Quantitative results on non-isometric shape
matching.

Geo.error (x100) SMAL DT4D-H
intra  inter
ZoomOQOut 38.4 4.0 29.0
& SmoothShells 36.1 1.1 6.3
< DiscreteOp 38.1 3.6 27.6
S Deep Shells 29.3 3.4 31.1
= DUO-FMNet 6.7 26 158
‘§ AttentiveFMaps 5.4 1.7 11.6
g ULRSSM 3.9 0.9 4.1
~ HybridFMaps 34 1.0 3.9
DenoisFMaps 46.1 14.4 22.9
§° Consistent ZoomOut 16.9 8.7 26.4
3 CycoMatch 24.7 44 24.9
§ UDMSM 26.5 24 15.8
& G-MSM 43.9 7.8 12.0
§ Ours 29 1.0 38

side and large, coarse triangles on the other. These distor-
tions challenge methods sensitive to mesh structure.

Results Table 1 presents the quantitative results. Most
methods exhibit a noticeable drop in performance under
anisotropic conditions. In contrast, our method achieves the
best performance on both datasets. These results suggest that
the combination of pairwise functional maps and manifold-
aware universe matching enables our approach to effectively
mitigate the challenges posed by irregular mesh structures.

Non-isometric Shape Matching

Datasets We also evaluate on two widely used non-
isometric datasets: SMAL (Zuffi et al. 2017) and DT4D-H
(Magnet et al. 2022). The SMAL dataset contains 49 animal
shapes from 8 species; we use 5 species for training and the
remaining for testing, yielding a 29/20 train-test split. The
DT4D-H dataset includes 9 human shape categories, with
198 shapes used for training and 95 for testing.
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Figure 4: Qualitative multi-shape matching results via texture transfer, comparing our method with HybridFMaps on SMAL

(top) and DT4D-H inter-class (bottom).

Table 3: Ablation study results on the SMAL dataset.

Ablation Setting Geo.error (x100)
w/o shape graph attention module 3.7
w/o functional maps module 26.5
w/o universe predictor module 34
w/o cycle consistency loss 3.8
Ours 29

Results Table 2 presents results for both intra-class and
inter-class settings. The DT4D-inter setup is particularly
challenging, as it requires generalization to unseen shape
classes. Our method achieves competitive intra-class results
and significantly outperforms all baselines in the inter-class
case, with notable improvements on the SMAL. These re-
sults demonstrate the strong generalization of our approach
across diverse, non-isometric categories. PCK curves are
shown in Fig. 3, with qualitative comparisons in Fig. 4.

Ablation Study

We conduct ablation experiments on the non-isometric
SMAL dataset to evaluate the contribution of each compo-
nent in our framework. Specifically, we compare the follow-
ing configurations: (1) Removing the shape graph attention
module; (2) Removing the functional map module; (3) Re-
moving the universe predictor module; (4) Removing the cy-

cle consistency loss. The results in Table 3 show that remov-
ing any single component leads to a noticeable performance
drop, especially the functional maps module.

Limitations

Despite its effectiveness, our method has several limitations
that merit further exploration. First, although our framework
avoids the need to explicitly select a reference shape, it still
requires the universe size to be predefined and fixed. Second,
processing the entire shape collection as a graph incurs addi-
tional computational overhead. While this trade-off leads to
improved matching accuracy, future work could focus on de-
signing more efficient and scalable algorithmic alternatives
to reduce runtime and memory demands.

Conclusion

In this paper, we introduce DcMatch, an unsupervised multi-
shape matching framework with dual-level cycle consis-
tency. Using a shape graph attention network, our method
captures the manifold structure of shape collections, en-
abling more informed and robust feature aggregation. By
enforcing spatial and spectral cycle consistency, DcMatch
improves accuracy and coherence in the shared universe
space. Extensive experiments across multiple benchmarks
and ablation studies validate the superior performance and
effectiveness of its components. We believe this work ad-
vances multi-shape matching by highlighting the importance
of manifold-aware modeling and dual-level consistency.
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In this supplementary material, we first provide the proof
of Theorem 1, followed by additional implementation de-
tails. We then present runtime and memory analysis and in-
clude additional ablation experiment results. Finally, we fur-
ther provide statistical stability analysis and qualitative ex-
amples to complement the visualizations.

Proof of Theorem 1

Theorem 2. Let the total energy over all shape pairs be
deﬁned as Emml(c) = Zq’/’j Edata(cij) + )\Ereg(cij)~ [f
Ea(C) = 0, then for any shape Si and any closed cy-
cle {i,4,...,1,i}, the composed functional map satisfies
CiuA; = A, ie., it acts as the identity on the subspace
spanned by A;.

Proof. If Eiy(C) = 0, then in particular the data term van-
ishes, i.e., Fgaa(Csj) = 0 for all (7, 7). This implies:

CijAi = Aj. (20)

Now consider a simple cycle involving three shapes, e.g.,
(4,4, k,1). The composed functional map along this cycle is
given by Cy; = C;Cj1,Cy;. Applying this to A; yields:

CiuAi = CriCiCij Ay = CriCi Ay = Cri Ay = A;.
(21
Hence, C;; A; = A;, as required. O

Implementation Details

All learning-based methods are implemented in PyTorch
2.1.0 with CUDA 12.1. Axiomatic baselines such as
ZoomOut, SmoothShells, IsoMuSh, and CycoMatch are im-
plemented in MATLAB R2018a, using the official code pro-
vided by the authors. All experiments are run on an NVIDIA
TITAN RTX GPU and an Intel i9-9920X CPU (3.50 GHz).

We use DiffusionNet as the feature extractor with WKS
descriptors as input. For the SMAL dataset, we instead use
raw XYZ coordinates and apply random rotation augmenta-
tions. The output feature dimension is fixed to 256 across all
experiments.

Training is performed end-to-end using the Adam opti-
mizer with a learning rate of 0.001. The functional maps
module uses A\, = 100, Agj,s = 50, and a temperature
parameter 7 = 0.07. We set the number of basis functions
to kg = 160 and kglas = 40. Loss weights are set as
)\bij = /\orth = /\couple = )\cycle = 1.0.

During inference, point-wise correspondences are com-
puted as II;; = HiHjT.

For the selection of universe size c, if ground-truth corre-
spondences are defined relative to a reference shape, we set
the number of universe points to match its vertex count. Oth-
erwise, we use the maximum vertex count across the dataset.

For the parameter % in Eq.(11), we empirically set it to 3,
given that each input consists of 5 shapes. This choice strikes
a balance between maintaining local geometric relationships
and capturing broader contextual information.

Table 4: Summary of notations used in this paper.

Notation Description

S={Si}i: Set of n input shapes

P ={1L;} Point-wise maps between shape pairs
C ={Ci;} Functional maps between shape pairs

®; € RMi*FLn

U, € R™i % kElas

A%B c RkLBXd
Af}las c RkElast
A; € R(FLB+FEIas) Xd

LBO basis on shape S;
Elastic basis on shape S;
LBO spectral coefficients
Elastic spectral coefficients
Hybrid spectral features
Hybrid basis (LBO + elastic)
Per-vertex features

&)i ¢ R X (kLB +kaias)
F={F)

Cij € R(kLB+kElas)2
Hji € R™M %M

II; € R™i*¢

Functional map from S; to S;
Point-wise map from S; to S;
Point-wise map from S; to universe

Runtime and Memory Analysis

We evaluate the average per-pair inference time (in seconds)
and peak GPU memory usage (in GB) of our method, com-
paring it with ULRSSM and HybridFMaps across several
representative datasets. As shown in Table 5, our model
consumes more memory than the baselines. This increase
in memory usage is a result of the added model complex-
ity, which contributes to improved matching consistency
and accuracy. However, we recognize the potential for more
lightweight designs and plan to explore this direction in fu-
ture work. Regarding runtime, our method achieves com-
parable inference times to the baselines on near-isometric
datasets (FAUST, SCAPE, SHREC’19). On more challeng-
ing datasets with larger non-isometric deformations (e.g.,
SMAL, DT4D), our method incurs a moderate increase in
runtime, yet it remains within a practical and acceptable
range for real-world applications.

Additional Ablation Experiment

In this section, we present additional results and analysis to
complement the ablation study. We first provide a more de-
tailed discussion of the primary ablation, followed by fur-
ther experiments investigating two specific design choices:
(i) the number of universe points used in our model and (ii)
different variants of the cycle consistency loss.

Detailed Analysis of Main Ablations

As shown in Table 3, removing the functional maps module
leads to the most significant performance drop, underscor-
ing its critical role in establishing accurate correspondences.
The shape graph attention module captures the manifold
structure of the entire shape collection, enabling each shape
to leverage contextual information from its neighbors. With-
out it, the universe embedding is learned from shapes in iso-
lation, degrading the quality of shape-to-universe mappings.
Excluding the universe predictor reduces our framework to a
purely pairwise matching approach, relying almost entirely
on functional maps for correspondence quality. Finally, re-
moving the cycle consistency loss leaves the predictor’s



Table 5: Runtime and memory analysis. We compare the average per-pair inference time (s) and peak GPU memory (GB) with

ULRSSM and HybridFMaps.
Method Memory FAUST SCAPE SHREC’19 SMAL DT4D-Hintra DT4D-H inter
ULRSSM 2.6 0.08 0.07 18.83 17.82 0.09 9.12
HybridFMaps 35 0.11 0.10 18.82 12.88 0.14 10.78
Ours 8.4 0.09 0.08 20.83 15.10 0.11 18.35

Table 6: Ablation Study on the number of universe points on
the SMAL Dataset.

Univ. Pts #Params Infer. Time (s) Geo. Err

1024 634k 14.1 3.8
2048 766k 29.2 3.4
4096 1.03M 31.2 3.0
5225 1.18M 322 2.9
8192 1.56M 35.1 32

shape-to-universe mappings unsupervised. Since these map-
pings are directly used for point-to-point correspondences
during inference, this omission results in the second-largest
performance degradation. These findings highlight the im-
portance of enforcing alignment between spatial and spectral
mappings in the shared universe space. Overall, the ablation
results demonstrate that every module in our framework is
essential for achieving accurate and consistent multi-shape
matching.

Effect of Universe Points

We conduct an ablation study on the number of universe
points using the SMAL dataset. As described earlier, we set
the universe size to either the number of vertices in the refer-
ence shape or the maximum vertex count across the dataset,
resulting in 5225 points for SMAL. Table 6 shows that a
smaller universe size reduces memory usage but fails to cap-
ture the complexity of the shared embedding space, leading
to suboptimal performance. Increasing the universe size fur-
ther causes overfitting to the specific shape set, resulting in
diminished accuracy and significantly higher inference time
and memory consumption. These results validate our design
choice, which provides a favorable balance between accu-
racy and computational efficiency.

Cycle Consistency Loss Variants

We also examine the impact of different formulations of the
cycle consistency loss. As shown in Table 7, the Frobenius-
based loss achieves comparable or superior performance
on near-isometric datasets such as FAUST and SCAPE. In
contrast, the cosine-based loss performs better on datasets
with strong non-isometric deformations, such as SMAL and
DT4D (inter-class). These results indicate that choosing an
appropriate loss formulation according to the deformation
characteristics of the data can lead to improved correspon-
dence quality.

Table 7: Ablation Study on the choice of cycle consistency
loss variants.

Dataset Frobenius-based cosine-based Ours
FAUST 1.4 1.5 1.4
SCAPE 1.8 2.0 1.8
SMAL 42 2.9 2.9
DT4D-H inter 8.0 3.8 3.8

Table 8: Ablation results on the SMAL dataset: Geodesic
error (mean * standard deviation) for different methods.

Methods Geo.error (mean * standard)
ULRSSM 6.15+1.92
HybridFMaps 4.54 +1.26
Ours 3.30 £ 0.98

Statistical Stability Analysis

We retrain and test our model on the SMAL dataset using
five different random seeds (i.e., 42, 2023, 777, 999, 1234),
reporting the mean and variance of the geodesic error. As
shown in Table 8, under identical conditions, our method
achieves a lower mean geodesic error, with reduced vari-
ance, demonstrating superior and more stable performance.

Additional Qualitative Examples

We provide qualitative examples of the correspondences
produced by our method in Fig. 5-8. As shown, our ap-
proach consistently generates smooth and semantically ac-
curate correspondences across a wide range of shapes and
poses, highlighting its robustness in handling complex non-
rigid deformations.
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Figure 5: Qualitative examples on FAUST dataset.
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Figure 8: Qualitative examples on DT4D inter class
dataset.

Figure 6: Qualitative examples on SCAPE dataset.
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Figure 7: Qualitative examples on SMAL dataset.




