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Abstract

In this paper, we propose a novel unsupervised shape match-
ing framework based on probabilistic deformation consis-
tency in the spectral domain, termed as PDCMatch. Ax-
iomatic optimization methods suffer from expensive geodesic
distance calculations and vulnerability to local optima, and
learning-based methods typically lack geometric consistency
in pointwise correspondences. To overcome both limita-
tions, we develop a non-Euclidean probabilistic deforma-
tion model that jointly estimates the underlying deformation
and the correspondence probability via a linear Expectation-
Maximization procedure. Building on this formulation, we
further design a task-specific deformation loss that explic-
itly encourages geometric smoothness and structural consis-
tency in an unsupervised manner. This tailored loss function
plays a central role in improving the matching performance
across challenging scenarios. Extensive experiments on pub-
lic benchmarks involving near-isometric shapes, anisotropic
meshing, cross-dataset generalization, topological noise, and
non-isometric shapes demonstrate that our method consis-
tently outperforms state-of-the-art methods, highlighting both
its effectiveness and generalizability.

Code — https://github.com/XiaYifan1999/PDCMatch

Introduction
Shape matching, defined as the automated computation
of dense correspondences between non-rigid shapes, is a
long-standing fundamental problem in computer vision and
graphics. It serves as a foundation for downstream tasks such
as shape registration (Bogo et al. 2017), generation (Deng
et al. 2022), deformation (Egger et al. 2020), and analy-
sis (Sahillioğlu 2020). This problem has garnered significant
attention and has been extensively investigated.

Traditional axiomatic methods (Holzschuh, Lähner, and
Cremers 2020; Eisenberger, Lähner, and Cremers 2019) for-
mulate the shape matching task as a quadratic assignment
problem, yet this NP-hard problem incurs prohibitively high
computational costs and suffers from local optima. Func-
tional maps (Ovsjanikov et al. 2012), by contrast, solve the
shape matching problem via linear operators in functional
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Figure 1: Visualization of our probabilistic deformation
model estimating deformation and predicting probability for
given pointwise maps from the source shape to the target.
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Figure 2: We propose a nonrigid shape matching method
based on deformation consistency. The above four exam-
ples of texture transfer from source to target shapes demon-
strate that our method is capable of producing accurate
pointwise maps across difficult scenarios, including near-
isometric cross-dataset testing, anisotropic meshing, topo-
logical noise, and non-isometric shape matching. Notably,
our method performs well even in the challenging cyan
hexagonal regions, such as significant surface discrepancies,
intricate fine textures, and salient topological noise.

spaces and enforce isometric consistency via the Laplace-
Beltrami (LB) operator. While follow-up works (Eisen-
berger, Lahner, and Cremers 2020; Magnet et al. 2022;
Melzi et al. 2019b; Ren et al. 2021) have extended this
framework by imposing structural constraints for more ac-
curate matching, their effectiveness remains constrained by
handcrafted descriptor limitations. Although handcrafted
descriptors (Bronstein and Kokkinos 2010; Salti, Tombari,
and Di Stefano 2014) have been developed for this purpose,
they still lack sufficient representational capacity to repre-
sent 3D manifolds.

To address the above limitations, learning-based meth-
ods directly learn descriptor functions from data within
the functional map framework, exemplified by seminal
method (Litany et al. 2017a) and follow-up works (Halimi
et al. 2019; Sharma and Ovsjanikov 2020; Donati, Sharma,



and Ovsjanikov 2020; Li, Donati, and Ovsjanikov 2022;
Cao, Roetzer, and Bernard 2023; Magnet and Ovsjanikov
2024). By integrating map refinement techniques during
testing, deep functional maps have achieved state-of-the-art
performance on several challenging benchmarks. However,
most existing methods operate in the spectral domain and
fail to ensure topological consistency, e.g., adjacent vertices
on one shape exhibit large deviation on the matched shape,
thereby hindering fine-grained matching. Although recent
methods (Roetzer and Bernard 2024; Roetzer et al. 2024) en-
force neighborhood preservation via geodesic distances, the
computational complexity limits their applicability. Thus, a
key challenge lies in overcoming the inherent coarseness of
low-dimensional functional maps to achieve accurate high-
dimensional pointwise correspondences.

To address the above issues, we establish a probabilis-
tic deformation model to evaluate the correspondence set
under given pointwise maps. This model jointly estimates
the underlying deformation and the matching probability
based on topological consistency, which further guides the
training of the feature extractors. Specifically, given point-
wise maps, the corresponding points on a shape pair are ex-
pected to follow an underlying shape deformation (Eisen-
berger, Lahner, and Cremers 2020). Considering incorrect
correspondences in the predicted pointwise maps, we formu-
late a probabilistic model to evaluate the correctness of the
pointwise maps and design an unsupervised loss. Observ-
ing that deformation consistency, i.e., neighboring points
tend to move coherently during the deformation process, we
propose a Gaussian mixture-based probabilistic deformation
model and realize its efficient optimization through kernel
techniques in the non-Euclidean domain coupled with a lin-
ear Expectation-Maximization algorithm. This allows us to
jointly estimate a consistent deformation field and the cor-
rect probability of each correspondence as shown in Fig. 1.
The underlying deformation reflects the smoothness of esti-
mated pointwise maps, while the probability quantifies the
matching accuracy. Based on these two predicted compo-
nents, we design a deformation-consistency-driven unsu-
pervised loss, which guides the feature extractor to learn
more accurate and geometry-aware representations, thereby
enabling precise dense pointwise correspondences. Exten-
sive experiments demonstrate its matching performance as
shown in Fig. 2 across multiple experimental categories. The
main contributions of this paper are summarized as follows:

a) We develop a probabilistic deformation framework that
jointly models deformation smoothness and correspon-
dence reliability, enabling robust unsupervised learning
of nonrigid shape matching.

b) We design a deformation-consistency-based unsuper-
vised loss that effectively guides feature learning towards
geometry-aware representations, significantly improving
the accuracy of dense pointwise correspondence.

c) Experiments on public datasets involving near-isometric,
anisotropic meshing, topological noise, and non-
isometric matching demonstrate our competitiveness
over state-of-the-art methods.

Related Work
In the following, we review the shape matching works most
relevant to our method. A comprehensive review can be
found in surveys (Sahillioğlu 2020).

Axiomatic Shape Matching Methods
The simple axiomatic formulation is the linear assignment
problem (Munkres 1957), which, however, does not account
for the geometric properties of 3D manifolds. Some tradi-
tional axiomatic methods attempt to impose geometric con-
straints (Roetzer et al. 2022; Holzschuh, Lähner, and Cre-
mers 2020), while others formulate the quadratic assign-
ment problem based on non-rigid registration (Bernard, Suri,
and Theobalt 2020; Eisenberger, Lähner, and Cremers 2019;
Huang et al. 2008; Fan et al. 2022). However, due to the
non-convex nature of the optimization problem and its NP-
hardness, their solutions heavily rely on reliable initializa-
tion and remain difficult to solve for practical shape sizes.

Functional maps (Ovsjanikov et al. 2012) have gained
widespread popularity due to their efficiency, achieved by
embedding pointwise maps into a small matrix in the
functional domain. Numerous follow-up works have ex-
tended this framework by incorporating robust mapping con-
straints (Eynard et al. 2016; Ren et al. 2019; Eisenberger,
Lahner, and Cremers 2020; Xia et al. 2024), improving
map optimization (Melzi et al. 2019b; Ren et al. 2021),
addressing challenging scenarios (e.g., non-isometry (Mag-
net et al. 2022; Ren et al. 2018) and partiality (Litany
et al. 2017b; Rodolà et al. 2017)), and enabling multi-
shape matching (Gao et al. 2021). However, axiomatic meth-
ods rely on handcrafted features (e.g., HKS (Bronstein and
Kokkinos 2010) and SHOT (Salti, Tombari, and Di Ste-
fano 2014)), which fail to capture deep representations of
3D manifolds, significantly limiting their matching accuracy
and generalizability.

Deep Functional Map Methods
Deep functional map methods outperform axiomatic ap-
proaches by learning more discriminative features from
training data. As a pioneering work, FMNet (Litany et al.
2017a) employs a supervised approach to learn nonlin-
ear transformations of SHOT descriptors (Salti, Tombari,
and Di Stefano 2014) using multilayer perceptrons. Subse-
quent methods (Halimi et al. 2019; Roufosse, Sharma, and
Ovsjanikov 2019; Sun et al. 2023; Attaiki and Ovsjanikov
2023a) enable unsupervised learning through near-isometric
regularization. To enhance representational capacity, several
methods (Donati, Sharma, and Ovsjanikov 2020; Sharma
and Ovsjanikov 2020) incorporate pointwise networks (Qi
et al. 2017; Thomas et al. 2019) for robust feature extrac-
tion. More recently, DiffusionNet (Sharp et al. 2022) has
achieved state-of-the-art performance by leveraging the dif-
fusion process for spatial communication, and has been ap-
plied in various scenarios (Attaiki and Ovsjanikov 2023b,
2022; Attaiki, Pai, and Ovsjanikov 2021; Cao and Bernard
2023). Follow-up works include shape interpolation (Eisen-
berger et al. 2021), hybridizing operator integration (Bastian
et al. 2024), adaptive functional map solver (Cao, Roetzer,



and Bernard 2024), embedding shell solvers (Eisenberger
et al. 2020), unsupervised spectral learning (Cao, Roetzer,
and Bernard 2023), spectral attention mechanisms (Li, Do-
nati, and Ovsjanikov 2022), and scalable memory architec-
tures (Magnet and Ovsjanikov 2024).

Furthermore, some methods exploit features extracted
from deep functional maps as priors, followed by the design
of optimization-based shape registration methods (Jiang,
Sun, and Huang 2023). Similarly, SpiderMatch (Roetzer and
Bernard 2024) and DiscoMatch (Roetzer et al. 2024) de-
vise solvers based on geometric consistency. However, such
post-hoc registration approaches typically require comput-
ing pairwise geodesic distances for the neighborhood preser-
vation, resulting in high computational overhead during iter-
ative optimization. For instance, SpiderMatch only reports
experiments on shapes with 1,000 triangles. In contrast, al-
though our method also adopts EM-based iterative optimiza-
tion, it is applied solely during training and benefits from
linear complexity, thereby avoiding excessive time burden.

Deep Functional Maps
In this section, we briefly introduce the basic learning
pipeline known as Deep Functional Maps (Litany et al.
2017a). Given two 3D shapes X and Y represented as trian-
gular meshes with nX and nY (w.l.o.g. nX ≤ nY ) vertices,
the goal is to compute accurate dense pointwise correspon-
dences between them. We briefly outline the main steps of
this pipeline, and refer readers to (Litany et al. 2017a; Cao,
Roetzer, and Bernard 2023) for full details.

a) Compute the first k eigenvector matrices ΦX ∈
RnX×k,ΦY ∈ RnY×k and diagonal eigenvalue matrix
ΛX ∈ Rk×k,ΛY ∈ Rk×k of LBO on shapes X and Y .

b) Extract feature descriptors FX ∈ RnX×d and FY ∈
RnY×d for each shape using DiffsuionNet (Sharp et al.
2022) as feature extraction network Fθ, where d denotes
the descriptor dimension.

c) Compute pointwise maps Π using deep feature similari-
ties, i.e.,

Π = Softmax(FXF>Y ). (1)

d) Compute the optimal functional map C ∈ Rk×k via
spectral embedding by solving a continuous optimization
problem:

C = argminCEdata(C) + λEreg(C), (2)

where Edata(C) =
∥∥∥CΦ†XFX −Φ†YFY

∥∥∥2
F

preserves
the feature descriptors, andEreg imposes structural prop-
erties, e.g. commutativity (Ovsjanikov et al. 2012).

e) The loss function L during training is composed of spec-
tral regularization terms about the functional maps, such
as orthogonality, bijectivity (Roufosse, Sharma, and Ovs-
janikov 2019), and coupling (Cao, Roetzer, and Bernard
2023), i.e.,

Lspectral = λbijLbij+λorthLorth+λcoupleLcouple. (3)

f) The pointwise map Π is derived based on C =

Φ†YΠ>ΦX , typically through nearest-neighbor search

and sometimes followed by post-processing steps (Eisen-
berger, Lahner, and Cremers 2020; Ezuz, Solomon, and
Ben-Chen 2019; Melzi et al. 2019b; Vestner et al. 2017).

Method
The framework of our method is illustrated in Fig. 3. Given
shapes X and Y represented as triangle meshes, deep func-
tional maps learn feature representations for them to esti-
mate pointwise maps. Our method aims to enhance the accu-
racy of dense pointwise maps based on probabilistic defor-
mation consistency, with a detailed description as follows.

Probabilistic Deformation Model
Given pointwise maps Π as input, our goal is to estimate
the underlying deformation T : R3 → R3 between X and
ΠY and evaluate the reliability of correspondences, where
matrices X = [xi] and Y = [yi] store the spatial coordi-
nates of vertices on shape X and Y , respectively. We define
a putative correspondence set by:

M = {mi}nXi=1 = {xi,yi′}nXi=1,

s.t., i′ = argmaxj Πij ,
(4)

where yi′ = T (xi) when mi is an ideal correct corre-
spondence and nX denotes both the number of vertex corre-
spondences and the vertex count of shape X . We model the
source point set X as samples drawn from a Gaussian Mix-
ture Model (GMM, following (Myronenko and Song 2010)),
whose centroids are given by the target coordinates ΠY. We
assume equal component weights and isotropic covariances
with shared variance σ2. Outliers are modeled by a uniform
distribution with density 1

a , where a denotes the spatial do-
main volume. By introducing γ as the weighting factor for
outliers and D as coordinate dimensions, we formulate the
probability of correspondence mi being correct as follows:

p(mi) =
1− γ

(2πσ2)D/2
e−
‖y
i′−T (xi)‖

2

2σ2 + γ
1

a
. (5)

Following the maximum likelihood principle, the ob-
jective is to maximize the joint probability p(M) =∏nX
i=1 p(mi). We adopt the Expectation-Maximization (EM)

algorithm, which iteratively alternates between the Expecta-
tion (E) step and the Maximization (M) step.

During the E-step, posterior probabilities are computed to
assign data points to mixture components:

pi =
(1− γ)e−

‖y
i′−T (xi)‖

2

2σ2

(1− γ)e−
‖y
i′−T (xi)‖2

2σ2 + γ (2πσ2)D/2

a

. (6)

In the M-step, model parameters are updated by minimiz-
ing the expected negative log-likelihood:

J
(
T , σ2

)
=

nX∑
i=1

pi
‖yi′ − T (xi)‖2

2σ2
+
D

2
log σ2

nX∑
i

pi, (7)

which focuses on fitting the underlying deformation T be-
tween X and ΠY, yet overlooks the consistency of local
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Figure 3: Overview of our unsupervised shape matching method based on probabilistic deformation consistency. Specifically,
a shared-weight DiffusionNet serves as a Feature Extractor to obtain features FX and FY from shapes X and Y , respectively.
These features are then employed to predict the pointwise maps Π via PMap Computation and the deformation parameter C via
FMap Solver, with both predictions regularized by the spectral loss Lspectral. Subsequently, the predicted Π, combined with
the eigensystems and point coordinates of shapes, is input to Probabilistic Deformation Model. Linear EM Solution efficiently
computes the probability P and deformation T (·). Finally, our designed Ldeform guides the optimization of the predicted
pointwise maps by enforcing deformation consistency between the mapped shape ΠY and source X.

deformations among neighboring points during the transfor-
mation process. To address this limitation, we introduce a
regularization term for deformation consistency on the de-
formation T , leading to the final objective as follows:

J ′
(
T , σ2

)
= J

(
T , σ2

)
+
µ

2
φ(T ). (8)

Deformation Consistency Regularization
In the Euclidean domain, the mapping between two point
sets {xi,yi}ni=1 can be approximated by a smooth function
deformation function f , i.e., ideally yi = f(xi). Within the
context of regularization networks (Evgeniou, Pontil, and
Poggio 2000), this problem can be formulated as the min-
imization of an empirical risk function E [f ] with a regular-
ization term:

E [f ] = 1
n

∑n
i=1 c (f (xi) ,yi) +

µ
2φ(f), (9)

where c(·) denotes a cost function, µ is a balance hyperpa-
rameter, and φ(·) represents a regularization function. Draw-
ing from the kernel trick in machine learning (Girosi, Jones,
and Poggio 1995), the solution of above problem is:

f(x) =
∑n
i=1K (xi,x)wi,

φ(f) = w>Kw,
(10)

where wi ∈ RD is the weight vector, K(·, ·) represents the
kernel function, and the matrix forms of the weights and ker-
nel functions are w and K. Based on (Smola, Schölkopf,
and Müller 1998), Generalized CPD (Fan et al. 2022) gen-
eralizes the regularization framework from Euclidean do-
mains to non-Euclidean domains. For source shape X em-
bedded in R3, the Laplace-Beltrami operator yields eigen-
functions {vi}ki=1 and eigenvalues {ri}ki=1, where typically
k � n. Leveraging the isometric property of the Laplace-
Beltrami operator, the kernel function can be approximated
using a truncated basis of low-frequency eigenfunctions. In

this case, the vectorized form f of function f on sample
points over X is:

f =
∑
i viwi = Uw, (11)

where U = [v1, v2, . . . , vk] is the matrix of k truncated
eigenfunctions. The regularization term φ(f) in Eq.(10) be-
comes:

φ(f) = w>Rw, (12)
where R is a diagonal matrix including eigenvalues {ri}ki=1.

Linear Closed-Form Solution According to shape de-
formation as Eq. (4) of (Eisenberger, Lahner, and Cremers
2020), the deformed positions Γ can be estimated by f , i.e.,

Γ = X + f = X + Uw, (13)

where U ∈ RnX×k denotes k truncated LB eigenvec-
tors, and w ∈ Rk×3 stacks the relevant weights. Applying
Eq. (12) to Eq. (8), we obtain a closed-form solution for the
unspecified weight matrix w by:

(U>PU + µσ2R)w = U>P(ΠY −X), (14)

where P is a diagonal matrix consisting of posterior prob-
ability, i.e., P = diag([pi]). Based on linear algebra, other
parameters σ2 and γ can be derived by:

σ2 =
tr
(
(ΠY − Γ)>P(ΠY − Γ)

)
D · tr(P)

, γ = 1− tr(P)

N
.

(15)
Hence, the EM algorithm has solved this probabilistic

model. Notably, solving Eq. (14) is the most computation-
ally demanding step. Since k � n, the overall complexity
is linear, i.e., O(n), thus avoiding substantial computational
cost.

Deformation Consistency Loss
The aforementioned probabilistic model based on shape de-
formation produces the weight matrix w and the probability



Train Geo. error (%) FAUST SCAPE FAUST+SCAPE
Test FAUST FAUST a SCAPE SCAPE a FAUST SCAPE SHREC’19

A
xi

om
at

ic BCICP (Ren et al. 2018) 6.1 - 11.0 - 6.1 11.0 -
ZoomOut (Melzi et al. 2019b) 6.1 8.7 7.5 15.0 6.1 7.5 -
Smooth Shells (Eisenberger, Lahner, and Cremers 2020) 2.5 5.4 4.7 5.0 2.5 4.7 -
DiscreteOp (Ren et al. 2021) 5.6 6.2 13.1 14.6 5.6 13.1 -

Su
p. FMNet (Litany et al. 2017a) 11.0 43.0 17.0 41.0 - - -

GeomFMaps (Donati, Sharma, and Ovsjanikov 2020) 2.6 3.2 3.0 3.1 2.6 2.9 7.9

U
ns

up
er

vi
se

d

UnsupFMNet (Halimi et al. 2019) 3.8 42.0 16.0 44.0 11.0 13.0 -
Deep Shells (Eisenberger et al. 2020) 1.7 12.0 2.5 10.0 1.6 2.4 21.1
NeuroMorph (Eisenberger et al. 2021) 8.5 - 29.9 - 9.1 27.3 25.3
ConsistFMaps (Cao and Bernard 2022) 1.5 15.3 2.0 4.9 1.7 3.2 17.8
DUO-FMNet (Donati, Corman, and Ovsjanikov 2022) 2.5 3.2 2.6 2.7 2.5 4.3 6.4
AttentiveFMaps (Li, Donati, and Ovsjanikov 2022) 1.9 2.4 2.2 2.3 1.9 2.3 5.8
ULRSSM (Cao, Roetzer, and Bernard 2023) 1.6 1.9 1.9 1.9 1.6 2.1 4.6
MSSFMNet (Magnet and Ovsjanikov 2024) 1.9 - 2.4 - 1.9 2.3 3.6
PDCMatch(Ours) 1.5 1.7 1.9 1.9 1.5 2.0 3.2

Table 1: Evaluation of near-isometric and cross-dataset testing on FAUST, SCAPE, and SHREC’19 datasets. With column-
wise best geometric errors (%) boldfaced, our method surpasses state-of-the-art axiomatic, supervised (sup.), and unsupervised
baselines under diverse experimental settings.

matrix P. The weight matrix w characterizes the deforma-
tion function T between the source set X and mapped target
set ΠY, while P encodes the likelihood probability of each
point conforming to this deformation function. To ensure the
deformation consistency of Π, we define a deformation dis-
crepancy as D, which is formulated as:

D =
∑nX
i=1 pi‖yi′ − xi −Φi

Xw‖2, (16)
where Φi

X denotes the k-dimensional row vector of ΦX cor-
responding to point xi. Under ideal conditions, the point-
wise map Π perfectly aligns each point pair with the esti-
mated deformation function, causing the probability matrix
P to approximate an identity matrix. In other words, a higher
tr(P) thus reflects greater accuracy. Accordingly, we define
an accuracy weight W , which, together with D, forms the
total deformation consistency loss:

Ldeform = D ·W = D · nX − tr(P)

nX · tr(P)

=

nX∑
i=1

pi‖yi′ − xi −Φi
Xw‖2 ·

nX − tr(P)

nX · tr(P)
.

(17)

The effectiveness of the components W and D is demon-
strated in the ablation study (Section ). The overall unsuper-
vised training loss is formulated as a weighted sum of the
above losses, i.e.,

L = Lspectral + λdeformLdeform, (18)
where λdeform is a weighting factor.

Experiments
In this section, we compare our method with other relevant
methods across various challenging scenarios, analyzing its
advantages and effectiveness. For a comprehensive compari-
son, the competitors in this section are divided into three cat-
egories: Axiomatic methods, Supervised methods, and Unsu-
pervised methods. To ensure fairness, GeoFMaps employs
DiffusionNet as its feature extractor. Axiomatic methods use
parameter initialization as specified by the original authors.
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Figure 4: Proportion of correct keypoints (PCK) curves and
corresponding area under the curve (AUC, scores in the leg-
end) on representative benchmarks. The title of each figure
indicates the training dataset, with parenthesized legend en-
tries specifying test datasets. Bold values indicate highest
AUC per experimental configuration, with our method dom-
inating these benchmarks.

Near-isometric Shape Matching

Near-isometric shape matching refers to the preservation of
geodesic distances between two shapes to be matched, such
as different poses of the same object.

Datasets We evaluate on three widely used datasets:
FAUST (Bogo et al. 2014), SCAPE (Anguelov et al. 2005),
and SHREC’19 (Melzi et al. 2019a), using their remeshed
versions (Donati, Sharma, and Ovsjanikov 2020) for in-
creased challenge. FAUST contains 100 high-resolution hu-
man scans from 10 subjects in 10 poses. Following standard
protocols, we use 80 shapes for training and 20 for test-
ing. SCAPE focuses on pose variation of a single subject,
with 71 meshes (51 for training, 20 for testing), used to val-
idate pose-invariance. SHREC’19 provides 44 highly non-
rigid human shapes with complex deformations. It includes
430 shape pairs exclusively for testing to evaluate robustness
against severe shape distortions.



SMAL DT4D-H: intra-class                                          

Near-Isometric AnisotropicCross-dataset

Non-isometric Shape Matching:

FAUST FAUST_aSHREC’19 TOPKIDS
Topological Noise

DT4D-H: inter-class

Figure 5: Visualization of texture transfer from source shape to target shape, and each group (from left to right) presents the
source shape, the mapping result of ULRSSM (Cao, Roetzer, and Bernard 2023), and that of our PDCMatch. Specifically, the
seven groups include near-isometric matching, cross-dataset testing, anisotropic meshing, topological noise, and non-isometric
shape matching. It can be observed that our method exhibits strong capability of preserving texture details.

Results Using the mean geodesic error (Kim, Lipman, and
Funkhouser 2011) as the evaluation metric, quantitative re-
sults are summarized in Table 1, which demonstrates the su-
perior performance of our method over previous axiomatic,
supervised, and unsupervised methods in most experimental
configurations. Additionally, significant cross-dataset gener-
alization gains of our method are validated in the rightmost
column of Table 1. This can be attributed to the strong fitting
capacity of the proposed probabilistic deformation model to
capture shape transformations, which endows our method
with strong generalizability.

The two subplots of Fig. 4 visualize the PCK testing
curves for training on FAUST and FAUST+SCAPE, respec-
tively. Comparative analysis against learning-based state-of-
the-arts (Li, Donati, and Ovsjanikov 2022; Cao, Roetzer, and
Bernard 2023) reveals that our method achieves the highest
AUC. Visual examples are illustrated in the first two groups
of Fig. 5, our method preserves more complete texture de-
tails compared to ULRSSM.

Matching with Anisotropic Meshing
Datasets To evaluate robustness against mesh discretiza-
tion, we follow the protocol of (Donati, Corman, and Ovs-
janikov 2022) and test on anisotropically remeshed ver-
sions of FAUST and SCAPE, denoted as FAUST a and
SCAPE a. These variants feature directionally biased tri-
angle scaling, which challenges methods sensitive to mesh
regularity (e.g., fixed edge connectivity).

Results Evaluation results on anisotropically remeshed
shapes are reported in the FAUST a and SCAPE a columns
of Table 1. Visualizations are shown in the third group of
Fig. 5. Compared to ULRSSM, our method better preserves
texture details and achieves lower mean geodesic errors.
While anisotropic remeshing challenges methods that overfit
to mesh connectivity, our method remains robust to triangle
meshing and outperforms prior state-of-the-art methods.

Geo. error (%) TOPKIDS SMAL DT4D-H
intra-class inter-class

Axiomatic Methods
ZoomOut 33.7 38.4 4.0 29.0
Smooth Shells 11.8 36.1 3.1 6.3
DiscreteOp 35.5 38.1 3.6 27.6

Supervised Methods
FMNet - 42.0 9.6 38.0
GeomFMaps - 8.4 2.1 4.1

Unsupervised Methods
UnsupFMNet 38.5 - - -
WSupFMNet 47.6 7.6 3.3 22.6
Deep Shells 13.7 29.3 3.4 31.1
ConsistFMaps 39.3 - - -
DUO-FMNet - 6.7 2.6 15.8
AttenFMaps 23.4 5.4 1.7 11.6
AttenFMaps-Fast 28.5 5.8 1.8 14.6
ULRSSM 9.2 3.9 2.3 4.1
SpiderMatch - 4.4 2.7 4.1
PDCMatch(Ours) 6.6 4.0 1.5 4.0

Table 2: Evaluation of noisy and non-isometric shape match-
ing on TOPKIDS, SMAL, and DT4D-H benchmarks. With
column-wise best results boldfaced, our method shows com-
parable performance to state-of-the-art.

Matching with Topological Noise
Datasets The TOPKIDS (Lähner et al. 2016) dataset
serves as a test benchmark to assess robustness against topo-
logical noise caused by interactions between disconnected
parts in 3D scans. It contains synthetic child-like shapes with
prominent topological distortions that challenge geometric
isometry. Due to its limited size (26 shapes), we compare
only with axiomatic and unsupervised methods.

Results Qualitative and quantitative results are exhibited
in Fig. 5 and Table 2, where our method yields signif-
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Figure 6: Visualization of the ablation study on SHREC’19.
The full version of our method not only reserves fine-grained
texture details (e.g., fingers), but also avoids bidirectional
ambiguities (e.g., left and right limbs) by leveraging a com-
plete deformation loss.

icantly more accurate results compared to the baseline
ULRSSM. This benefit stems from our probabilistic defor-
mation model, which emphasizes global deformation con-
sistency while remaining robust to local topological noise,
thus facilitating reliable modeling of non-rigid shapes.

Non-isometric Shape Matching
Datasets For non-isometric shape matching, we evaluate
on two benchmarks. The SMAL (Zuffi et al. 2017) in-
cludes 49 quadruped animal shapes from 8 species. Fol-
lowing (Donati, Corman, and Ovsjanikov 2022), we use
29 shapes (5 species) for training and 20 shapes (3 unseen
species) for testing, ensuring no class overlap. This inter-
species setup introduces significant non-isometric deforma-
tions, posing a major challenge for existing methods. The
DT4D-H (Magnet et al. 2022), derived from the large-scale
DeformingThings4D (Li et al. 2021), contains 9 humanoid
shape classes. Following their protocol, we use 198 train-
ing and 95 testing shapes to evaluate generalization. Due to
SpiderMatch’s (Roetzer and Bernard 2024) high computa-
tional cost, we follow its original setup and use downsam-
pled meshes with 1,000 triangles.

Results Table 2 reports the results on SMAL and DT4D-
H. On SMAL, our method does not exhibit an improvement
over the baseline ULRSSM. This is primarily because the
proposed probabilistic deformation model is designed based
on the assumption of near-isometric transformations, mak-
ing it less effective in handling highly non-isometric scenar-
ios such as different species. Nevertheless, as illustrated in
Fig. 5, PDCMatch can yield more accurate matching perfor-
mance in some SMAL instances. On DT4D-H, including
intra-class and inter-class settings, our method achieves the
lowest average geodesic error among comparative methods.
Qualitative results in Fig. 5 further highlight that our method
better preserves fine-grained structures (red circles).

Ablation Study
To validate the components of our proposed probabilistic
deformation, we conduct ablation experiments on the chal-
lenging cross dataset benchmark, i.e., train on FAUST and
SCAPE while testing on SHREC’19. As shown in Fig. 6,
w.o. Ldeform indicates training without the deformation
loss, w.o.W means fixing the accuracy weightW to 1, w.o.
Dmeans fixing the deformation discrepancyD to 1, and w.o.

Ablation Setting SHREC’19
w.o. Ldeform 4.63
w.o. accuracy weight W training collapsed
w.o. deformation discrepancy D 3.83
w.o. EM iterations 4.51
Full 3.20

Table 3: Ablation study of our method testing on
SHREC’19, evaluated using average geometric errors (%).

Dataset Faust SCAPE TOPKIDS SMAL DT4D-H

#Vertices 5000 5000 12000 5213 8000

ULRSSM 0.58 0.55 0.63 0.57 0.64
PDCMatch 0.63 0.61 0.86 0.60 0.71

Table 4: Runtime comparisons on different benchmarks, re-
porting training propagation time (s) per shape pair.

EM iterations denotes a single-pass version. The ‘Full’ case
represents the complete version. Results in Fig. 6 and Ta-
ble 3 show the positive contribution of each component.

Running Time Analysis
Our method evaluates pointwise maps via a probabilistic
deformation model and introduces a deformation consis-
tency loss to guide training, without impacting on inference.
For runtime analysis, we measure the training time of both
ULRSSM and our method on an RTX3090 GPU and report
the average propagation time per shape pair in Table 4. The
additional cost, mainly from EM optimization, grows with
vertex count but remains moderate and acceptable overall.

Limitations and Conclusion
Our method constructs a probabilistic deformation model
based on the near-isometric assumption to estimate consis-
tent deformations, thereby evaluating pointwise correspon-
dences and guiding unsupervised learning of shape features.

However, when faced with pronounced non-isometric de-
formations, such as those arising from inter-species varia-
tions in the SMAL dataset, the effectiveness of the deforma-
tion regularization diminishes, and the proposed deforma-
tion consistency loss may lose its guiding effect. The effec-
tiveness of the deformation consistency loss depends on the
reliability of EM optimization, which may be compromised
by local optima, leading to suboptimal performance.

In summary, the proposed probabilistic deformation
model and designed unsupervised loss provide a deeper
understanding of shape matching, with experimental evi-
dence across multiple benchmarks showing improved tex-
ture preservation and matching accuracy, especially on
cross-dataset generalization and topological noise.
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