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ABSTRACT

Although deep functional map methods have significantly advanced the field of
3D shape matching, many existing approaches still rely on conventional network
architectures for feature enhancement and use only the Laplace-Beltrami opera-
tor (LBO) to construct eigenbases for functional map computation. This often
results in performance degradation when the learned features are insufficiently
distinctive. To overcome these limitations, we propose an efficient unsupervised
framework for deformable shape matching. Our method incorporates a feature
extraction module with a dual-layer attention mechanism, a differentiable func-
tional map solver, and an optimal transport (OT) post-processing step to pro-
duce accurate point-to-point correspondences. The attention mechanism learns
discriminative and structurally invariant descriptors, significantly improving ro-
bustness under complex geometric deformations. Additionally, we introduce a
hybrid matching strategy that integrates both Laplacian and elastic modal rep-
resentations, optimized via Sinkhorn iterations to yield a transport matrix. This
facilitates robust and accurate correspondence recovery. Extensive experiments
across diverse challenging scenarios demonstrate that our approach outperforms
state-of-the-art methods in matching accuracy. Our code is publicly available.

1 INTRODUCTION

Shape matching is a long-standing and fundamental problem in computer graphics and shape analy-
sis, with broad applications in areas such as texture transfer Dinh et al. (2005), deformation transfer
Sumner & Popović (2004), pose transfer Song et al. (2023; 2021), segmentation Rustamov et al.
(2007), reconstruction Leroy et al. (2024); Radford et al. (2021), and statistical shape analysis Egger
et al. (2020); Li et al. (2017); Loper et al. (2023). Establishing accurate correspondences between
non-rigid shapes remains highly challenging, especially under significant non-isometric deforma-
tions, partial occlusions, or topological inconsistencies. Early studies focused on handcrafted de-
scriptors with geometric invariance-such as HKS Sun et al. (2009), WKS Aubry et al. (2011), and
SHOT Salti et al. (2014)-to enable robust shape matching Aubry et al. (2011); Bronstein & Kokki-
nos (2010). Despite these efforts, such methods exhibit inherent limitations, and non-rigid shape
matching continues to be an open and difficult problem Cao et al. (2023).

In recent years, spectral methods have gained growing interest for efficient shape modeling. A
early prominent example is the functional map (FM) framework Ovsjanikov et al. (2012), which
builds a mapping space using the Laplace-Beltrami operator (LBO) to encode shape features and
establishes functional correspondences between shapes. A number of recent studies have enhanced
the generality and robustness of the functional map estimation pipeline through the introduction of
various regularization terms, robust loss functions, and effective post-processing techniques Huang
et al. (2014); Rodolà et al. (2017); Sharma & Ovsjanikov (2020).

With the rise of deep learning, recent deep functional maps (DeepFM or DFM) have been widely
adopted in various tasks Cao & Bernard (2023); Cao et al. (2023); Roetzer et al. (2024); Sun et al.
(2023); Le et al. (2024). In contrast to classical approaches that rely on handcrafted features, these
data-driven techniques learn feature representations by neural networks from training data. How-
ever, prevailing deep functional map methods primarily focus on estimating accurate functional cor-
respondences; the subsequent conversion to point-to-point maps typically relies on nearest-neighbor
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search or other post-processing operations. A significant limitation of this two-stage pipeline is its
tendency to yield suboptimal point-wise matching accuracy.

On the other hand, most mainstream approaches rely on LBO eigenbases due to their solid theoret-
ical foundation, well-understood eigenfunctions, and favorable mathematical properties. However,
LBO eigenbases inherently emphasize low-frequency information, which improves global stabil-
ity but often reduces sensitivity to high-frequency details—such as sharp creases and bends—thus
compromising local matching accuracy Hartwig et al. (2023); Bastian et al. (2024).

To address these limitations, we proposed an efficient unsupervised shape matching framework,
which contains an attention-based feature extraction module, a hybrid functional space module, and
an efficient optimal transport-based post-processing step to establish precise point-to-point corre-
spondences. The attention mechanism learns discriminative and structurally invariant descriptors,
improving robustness under complex geometric deformations. The hybrid matching strategy inte-
grates Laplacian and elastic spectral representations, which are optimized via Sinkhorn iterations to
produce an approximately doubly-stochastic transport matrix, enabling accurate and robust corre-
spondence estimation. Our main contributions can be summarized as follows:

• We introduce a dual-layer attention mechanism in the feature extraction module, which
effectively learns discriminative and structurally consistent descriptors, enhancing the
model’s ability to adapt to complex geometric deformations.

• We adopt a hybrid matching strategy that integrates Laplacian and elastic modal representa-
tions, followed by Sinkhorn optimization. This approach yields an approximately doubly-
stochastic transport matrix, from which high-quality point-to-point correspondences are
robustly recovered.

• Extensive experiments across a variety of challenging scenarios demonstrate that the pro-
posed method achieves substantial improvements in deformable shape matching perfor-
mance.

2 BACKGROUND

2.1 (DEEP) FUNCTIONAL MAPS

The functional map method frames shape correspondence as a linear map between the spectral
embeddings of two shapes Ovsjanikov et al. (2012). By leveraging compact matrices derived from
truncated spectral bases, this mapping can be efficiently computed. Formally, let X and Y be two
shapes (triangular meshes) with nx and ny vertices. By computing the first k eigenfunctions of their
LBO, the spectral bases can be represented as Φx ∈ Rnx×k and Φy ∈ Rny×k. Subsequently, given
the geometric features Fx ∈ Rnx×d and Fy ∈ Rny×d extracted from each shape, their projections
onto the spectral bases yield the coefficient matrices M = Φ†

xFx and N = Φ†
yFy , where † denotes

the Moore–Penrose pseudoinverse and d is the feature dimension. The functional map Cxy is found
by solving:

Cxy = argmin
C

Edata(C) + λEreg(C). (1)

The data term Edata(C) = ∥CM −N∥2F enforces the preservation of feature descriptors, while the
regularization term Ereg(C) = ∥CΛ1 − Λ2C∥2F imposes structural constraints on the mapping C.
Λ1 and Λ2 denote the diagonal matrices of eigenvalues of the Laplace operators. Finally, a dense
point-to-point map Πyx ∈ {0, 1}ny×nx from the source to the target shape can be recovered using
the relationship:

Cxy = Φ†
yΠyxΦxC, (2)

which is typically solved with a nearest-neighbor search or related techniques. However, traditional
functional map methods rely heavily on the choice of initial descriptor functions, which may lack
sufficient distinctiveness under complex deformations Roufosse et al. (2019). With the advancement
of deep learning, the functional map framework has been extended into the Deep Functional Map
(DFM) paradigm. The core idea is to learn a transformation of a given set of descriptors such that
the optimal functional map derived from the transformed descriptors is as close as possible to a
ground-truth correspondence provided during training. Unlike traditional functional maps that rely
purely on the FM formulation, these deep learning-based approaches Roufosse et al. (2019); Litany
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et al. (2017) typically employ an end-to-end loss function to supervise or constrain the learning of
the functional map:

min
T̂

∑
(X ,Y)∈G

ℓF
(
Soft(C), GT(X ,Y)

)
, (3)

where T̂ denotes a non-linear transformation (typically a neural network) applied to input descriptor
functions; GT(X ,Y) represents the set of training shape pairs for which ground-truth correspon-
dences are available; and ℓF is a soft loss function that penalizes the deviation of the computed
functional map after converting it into a soft correspondence matrix Soft(C) from the ground truth.

2.2 ELASTIC EIGENMODES

The eigenfunctions of the LBO exhibit strong performance as a reduced functional basis in nearly
isometric settings. However, they often fail to adequately align extrinsic shape features. To address
this limitation, Hartwig et al. (2023) introduced a functional basis derived from the elastic eigen-
modes of the shape’s elastic energy, which improves extrinsic feature alignment. Specifically, the
vibration modes of a shape S, are obtained from the Hessian of the total elastic energy evaluated at
the identity, denoted as Hess WS [Id] ∈ R3n×3n. This operator acts linearly on infinitesimal dis-
placements ψi ∈ (F (S))3 of the shape S,, represented as vectors in R3n. The elastic eigenmodes
are computed by solving the generalized eigenvalue problem:

Hess WS [Id]ψi = λiAψi. (4)

where A is a block-diagonal matrix with stacked lumped mass matrices along the diagonal, and λ
denotes the eigenvalues. In practice, only the eigenvector ψi associated with non-zero eigenvalues
are retained. However, since these basis functions are not orthogonal, additional mathematical care is
required in formulating the corresponding optimization problem. To address this issue, Bastian et al.
(2024) proposed a joint spectral space combining LBO eigenfunctions and thin-shell Hessian energy
basis functions, demonstrating that such a hybrid approach yields superior matching performance
on both near-isometric and non-isometric shapes.

3 METHOD

Our work aims to robustly estimate functional maps and point-to-point correspondences for de-
formable shape pairs under diverse scenarios, including near-isometric and non-isometric deforma-
tions, as well as shapes exhibiting complex extrinsic geometric features. The core motivation of
our method stems from the observation that existing deep functional map approaches typically rely
on conventional network architectures for feature enhancement and use LBO-based eigenbases to
compute functional maps. Such a framework tends to exhibit limited matching performance when
features are insufficiently distinctive or when shapes contain extrinsic creases and high-curvature
regions. To simultaneously enhance the accuracy of both functional maps and pointwise correspon-
dences, we propose an efficient unsupervised framework that integrates a dual-layer attention-based
feature extraction module, a hybrid functional space module, and an efficient optimal transport-
based post-processing step to establish precise point-to-point correspondences. The overall frame-
work is illustrated in Figure 1.

3.1 FEATURE EXTRACTION

To enhance the modeling of geometric structures and cross-shape information in non-rigid shape
matching tasks, we design a feature extraction network incorporating a dual-layer attention mecha-
nism. The architecture follows a Siamese design, where the inner layer is based on the DiffusionNet
Sharp et al. (2022) backbone, and augmented with a Structure-Guided Channel Attention (SGCA)
module to capture both local and global geometric features via spectral diffusion over the surface
shapes.

The feature extractor is applied in a Siamese manner—using shared weights to process both shapes
X and Y—yielding initial pointwise features FX ∈ Rnx×d and FY ∈ Rny×d, where nx and ny

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

Figure 1: An efficient unsupervised shape matching framework. Given a pair of shapes X and
Y , we first employ a shared-weight feature extractor θ to obtain features X and Y (e.g., using
the target shape features), where a dual-layer attention module (a) is integrated to enhance feature
representation. Subsequently, these features are projected onto basis sets constructed from different
linear operators. Then, within the constructed Spectral Mixture Space (b), we compute a block-
diagonal functional map. Finally, in the post-processing stage, the Sinkhorn algorithm (c) is applied
to refine the results, yielding high-quality point-to-point correspondences.

denote vertex counts and d is the feature dimension. These features are then refined via the SGCA
module. We compute channel statistics zx = GAP (Fx) ∈ Rd, zy = GAP (Fy) ∈ Rd, along
with structure-aware vectors derived from the Laplacian operators: gx = [µ(Lx), σ(Lx)] ∈ R2

and gy = [µ(Ly), σ(Ly)] ∈ R2, where GAP denotes global average pooling. The channel and
structure vectors are concatenated and passed through an MLP to generate attention weights: s =
ϕ
(
W2 ReLU(W1(z + α · g))

)
, where W1 ∈ R(d+2)×d/rand W2 ∈ Rd/r∈d, α is the structural

guidance scaling factor, and ϕ represents the sigmoid activation function.

The attention weights are then expanded and applied element-wise to the original input feature:
FXSGCA

= FX ⊙ s, FYSGCA
= FY ⊙ s. A residual connection is then applied to produce the final

enhanced features: FX′ = FX + FXSGCA, FY ′ = FY + FYSGCA.

The outer module enhances cross-shape feature alignment using a design inspired by the Predator
network, incorporating residual connections and a Feed-Forward Network (FFN) Huang et al. (2021)
to simulate cross-domain information transfer. It takes as input the features FX′ ∈ Rnx×d and
FY ′ ∈ Rny×d from the inner module. First, cross-attention is applied to the source features using
the target features as key and value: FX̂ = Att(FX′ , FY ′ , FY ′) + FX′ . This allows the source
features to be enriched by information from the target. The same process is applied symmetrically
to the target features: FŶ = Att(FY ′ , FX′ , FX′) + FY ′ .

These bidirectional interactions promote balanced feature alignment between the shapes. Subse-
quently, self-attention refines the local structure and intra-shape consistency of both feature sets.
Finally, the features are passed through an FFN with residual connections: FX̃ = FFN(FX̂)+FX̂ ,
FỸ = FFN(FŶ ) + FŶ . The resulting features retain local geometric information while incorpo-
rating cross-shape constraints, leading to more discriminative and stable representations for point-
to-point matching.

3.2 SPECTRAL MIXTURE SPACE

To jointly capture low-frequency global alignment and high-frequency detail matching, we adopt
the hybrid spectral strategy introduced in Bastian et al. (2024), which combines LBO eigenfunctions
with elastic basis functions. Specifically, for each shape, the first k orthogonal eigenfunctions Φk are
obtained by solving the generalized eigenvalue problem ∆ϕi = λiAϕi, where A is the mass matrix
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encoding mesh area elements. These eigenfunctions provide stable low-frequency components that
facilitate coarse global alignment while maintaining isometric invariance (we empirically set k =
200). Meanwhile, elastic basis functions ψ are derived via the Hessian decomposition of the shape’s
elastic energyW , capturing high-frequency creases and fine local details. The LBO and elastic bases
are combined into a hybrid-frequency space Φ1, . . . ,Φk, ψ1, . . . , ψk2

. Within this spectral mixture
space, the functional map C is represented as a block matrix, where each sub-block Cij encodes the
transformation between different types of basis functions.

Within this space, the functional map C is represented as a block matrix:

C =

(
C11 C12

C21 C22

)
, (5)

where C11 and C22 correspond to intra-basis maps within the LBO and elastic bases, respectively,
while C12 and C21 represent inter-basis mappings between them. This hybrid map integrates geo-
metric consistency across candidate correspondences and is refined via the Sinkhorn optimal trans-
port algorithm. The final point-to-point correspondence is determined by selecting matches with
the highest probabilities, supporting either nearest-neighbor retrieval in the hybrid space or dense
correspondence estimation. Further implementation details are described in the next section.

3.3 SINKHORN OPTIMIZATION

Inspired by Le et al. (2024), we introduce an efficient optimal transport mechanism for refining
point-to-point correspondences. Integrated as a post-processing step during inference, the method
enhances both accuracy and geometric consistency of the final maps. While traditional opti-
mal transport can model complex structural alignment, it often suffers from high computational
cost—O(n2)) in time and space—and limited performance in non-isometric settings. To improve
robustness and geometric coherence, we incorporate multimodal features into the Sinkhorn algo-
rithm. Specifically, we extract two sets of low-frequency functional embeddings: one from the
Laplace–Beltrami (LB) spectral mapping, denoted ΦX

LB ,ΦY
LB , and another from the Elastic Modal

Field mapping, denoted ΦX
elas,ΦY

elas. These are concatenated to form unified geometric representa-
tions: ΦX =

[
ΦX

LB∥ΦX
elas

]
, ΦY =

[
ΦX

LB∥Φ
Y
elas

]
. A cost matrix D is then defined using Euclidean

distances between all point pairs: Dij = ∥ΦX
i − ΦY

j ∥. Based on the cost matrix, we formulate an
entropy-regularized optimal transport objective as:

T ′ = arg min
T∈U(u,ν)

∑
i,j

TijDij + ϵ ·KL(T∥u⊗ ν), (6)

where T is a doubly stochastic transport matrix, U(u, ν) represents the set of joint distributions
with marginals u and ν, ϵ is the regularization coefficient, and KL(·) refers to the Kullback–Leibler
divergence. The cost term measures pairwise distances in the embedding space. To solve this
optimization problem efficiently, we employ a log-domain implementation of the Sinkhorn algo-
rithm. Specifically, we initialize logα = −D

ϵ , and then iteratively apply a normalization in the
log-space as logα ← logα − log

∑
elogαij . The approximate transport matrix T is recovered as:

T = exp(logα), representing a soft probabilistic mapping from Y to X . The final discrete corre-
spondence is obtained by selecting the highest-probability match per column: P (j) = argmaxi Tij ,
thus establishing point-to-point correspondence from target to source.

3.4 LOSS FUNCTION

To balance coarse global alignment with fine-grained local correspondence, we adopt a linear an-
nealing strategy that progressively incorporates elastic basis features. During early training stages,
the model relies primarily on functional descriptors derived from the LBO to establish coarse iso-
metric correspondences, emphasizing global structural consistency. As training proceeds, elastic
basis features are gradually introduced to enhance sensitivity to non-rigid deformations—such as
bending and folding—and to capture local geometric details. The overall loss function is defined as
a weighted combination:

L = LLBO + αLElas, (7)
where LLBO denotes the isometric alignment loss in the LBO spectral space, and LElas measures
non-isometric detail alignment using the elastic thin-shell basis. The weighting factor α increases
linearly with training iterations.
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4 EXPERIMENTAL RESULTS

Baselines. We compare our method with several representative non-rigid shape matching ap-
proaches, which are systematically categorized into the following groups: (1) axiomatic methods,
including ZoomOut Melzi et al. (2019b), BCICP Ren et al. (2018), Smooth Shells Eisenberger et al.
(2020), and DiscreteOp Ren et al. (2021); (2) supervised methods, such as FMNet Litany et al.
(2017), GeomFMaps Donati et al. (2020), and TransMatch Trappolini et al. (2021); and (3) un-
supervised methods including SURFMNet Roufosse et al. (2019), Deep Shells Eisenberger et al.
(2020), ULRSSM Cao et al. (2023), Hybridfmap Bastian et al. (2024), and EOT Le et al. (2024).
All selected baselines are relevant to our work and provide comprehensive comparisons.

Metrics. In accordance with all compared methods, we employ the average geodesic error (×100%)
as the primary evaluation metric for shape matching.

4.1 NEAR-ISOMETRIC SHAPE MATCHING

Figure 2: Qualitative results across different
datasets. Correspondences are visualized via tex-
ture transfer. Regions with inaccurate mappings
are highlighted with red circles.

Datasets. We employ three widely-used bench-
mark datasets for near-isometric shape match-
ing: FAUST Bogo et al. (2014), SCAPE Do-
nati et al. (2022), and SHREC’19 Melzi et al.
(2019a). To more rigorously assess algorith-
mic robustness under non-ideal conditions, we
utilize remeshed versions of these datasets Cao
et al. (2023), which present additional chal-
lenges compared to the original meshes. The
FAUST dataset contains 100 human shapes (10
subjects in 10 different poses), with an 80/20
split between training and testing. The SCAPE
dataset includes 71 different poses of the same
individual, divided into 51 for training and 20 f
or testing. The SHREC’19 dataset, a more chal-
lenging benchmark, includes 44 human shapes
and is used exclusively for testing.

Results. As summarized in Table 1, super-
vised methods generally achieve strong perfor-
mance on their training data but are susceptible
to overfitting, resulting in limited generaliza-
tion to unseen shapes. In contrast, unsupervised
approaches exhibit greater robustness and gen-
eralize more effectively across datasets. Our
method outperforms recent alternatives such as Hybridfmap and EOT (an OT-based technique) in
most settings, as shown quantitatively in Table 1. Moreover, qualitative results in Figures 3 demon-
strate that our approach produces high-quality correspondences, comparable to or better than current
state-of-the-art methods. The texture transfer visualizations in Figure 2 further illustrate the supe-
riority of our method in terms of both alignment accuracy and smoothness of the correspondence
field.

Table 2: Geo. error (×100) on SMAL dataset. Lower values indicate better correspondence accu-
racy.

Method Geo. error Method Geo. error
ZoomOut Melzi et al. (2019b) 38.4 DFAFMaps Luo et al. (2024) 4.3
Smooth Shells Eisenberger et al. (2020) 36.1 DRecovery Sundararaman et al. (2024) 4.1
DiscreteOp Ren et al. (2021) 38.1 RevisitingMap Cao et al. (2024b) 3.6
Hybrid Smooth Shells Bastian et al. (2024) 28.4 Hybridfmap Bastian et al. (2024) 3.3
MWP Deng et al. (2022) 22.3 Hybrid GeomFMaps Bastian et al. (2024) 7.6
FMNet Litany et al. (2017) 42.0 ULRSSM Cao et al. (2023) 3.9
GeomFMaps Donati et al. (2020) 8.4 SDUM Cao et al. (2024a) 3.6
EOT Le et al. (2024) 4.4 Ours 4.3
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(a) FAUST (b) SCAPE (c) FS FAUST (d) FS SCAPE (e) FS SHREC’19

Figure 3: Performance evaluation on near-isometric shape matching. Models are trained and tested
separately on FAUST and SCAPE, and cross-dataset generalization is assessed by testing on FAUST,
SCAPE, and SHREC’19 using a combined FAUST+SCAPE training set. The figure shows Percent-
age of Correct Keypoints (PCK) curves with corresponding Area Under Curve (AUC) scores in the
legend, offering a comparative view of matching accuracy and robustness across datasets.

Table 1: Quantitative results on near-isometric shape matching. Under certain conditions, our pro-
posed method achieves superior performance compared to existing axiomatic, supervised, and un-
supervised approaches.

Train FAUST SCAPE FAUST + SCAPE

Test FAUST SCAPE SHREC’19 FAUST SCAPE SHREC’19 FAUST SCAPE SHREC’19

Axiomatic Methods
BCICP Ren et al. (2018) 6.1 11.0 – 6.1 11.0 – 6.1 11.0 –
ZoomOut Melzi et al. (2019b) 6.1 7.5 – 6.1 7.5 – 6.1 7.5 –
Smooth Shells Eisenberger et al. (2020) 2.5 4.7 – 2.5 4.7 – 2.5 4.7 –
DiscreteOp Ren et al. (2021) 5.6 13.1 – 5.6 13.1 – 5.6 13.1 –

Supervised Methods
FMNet Litany et al. (2017) 11.0 30.0 – 33.0 17.0 – – – –
3D-CODED Groueix et al. (2018) 2.5 31.0 – 33.0 31.0 – – – –
HSN Wiersma et al. (2020) 3.3 25.4 – 16.7 3.5 – – – –
ACSCNN Li et al. (2020) 2.7 8.4 – 6.0 3.2 – – – –
GeomFMaps Donati et al. (2020) 2.6 3.4 9.9 3.0 3.0 12.2 2.6 2.9 7.9
TransMatch Trappolini et al. (2021) 1.7 30.4 14.5 15.5 12.0 37.5 1.6 11.7 10.9

Unsupervised Methods
DFAFMaps Luo et al. (2024) 1.6 2.7 – 1.9 1.9 – – – –
SDUM Cao et al. (2024a) 1.5 – – – 1.8 – – – 3.4
RevisitingMap Cao et al. (2024b) 1.5 – – – 1.8 – – – 3.4
SSCDFM Sun et al. (2023) 1.7 – – – 2.6 – – – 3.8
DRecovery Sundararaman et al. (2024) 1.5 – – – 1.9 – – – 4.8
UnsupFMNet Halimi et al. (2019) 10.0 29.0 – 22.0 16.0 – 11.0 13.0 –
WSupFMNet Sharma & Ovsjanikov (2020) 3.8 4.8 – 3.6 4.4 – 3.6 4.5 –
SURFMNet Roufosse et al. (2019) 15.0 32.0 – 32.0 12.0 – 33.0 29.0 –
Deep Shells Eisenberger et al. (2020) 1.7 5.4 27.4 2.7 2.5 23.4 1.6 2.4 21.1
NeuroMorph Eisenberger et al. (2021) 8.5 28.5 26.3 18.2 29.9 27.6 9.1 27.3 25.3
ConsistFMaps Cao & Bernard (2022) 1.5 3.2 19.7 3.2 2.0 28.3 1.7 3.2 17.8
DUO-FMNet Donati et al. (2022) 2.5 4.2 6.4 2.7 2.6 8.4 2.5 4.3 6.4
AttentiveFMaps Li et al. (2022) 1.9 2.6 6.4 2.2 2.2 9.9 1.9 2.3 5.8
AttentiveFMaps-Fast Li et al. (2022) 1.9 2.6 5.8 1.9 2.1 8.1 1.9 2.3 6.3
ULRSSM Cao et al. (2023) 1.6 6.6 7.2 4.6 1.9 7.7 1.6 2.1 4.6
EOT Le et al. (2024) 1.5 3.4 5.5 1.6 1.8 7.0 1.6 2.2 4.7
Hybridfmap Bastian et al. (2024) 1.5 4.2 5.9 2.2 1.8 6.7 1.5 2.0 3.4
SFmaps Magnet & Ovsjanikov (2024) 1.9 2.4 4.2 1.9 2.4 6.9 1.9 2.3 3.6
AFMap Li et al. (2022) 1.9 2.6 6.4 2.2 2.2 9.9 1.9 2.3 5.8
SSLMSM Cao & Bernard (2023) 2.0 7.0 9.1 2.7 3.1 8.4 1.9 4.3 6.2
Ours 1.4 8.5 5.4 10.0 1.8 7.0 1.4 2.0 5.3

4.2 NON-ISOMETRIC SHAPE MATCHING

Datasets. To systematically evaluate the performance of our method on challenging non-isometric
shape matching tasks, we adopt the representative SMAL dataset Zuffi et al. (2017), which contains
49 quadruped animal models across eight categories. Following the split protocol of Donati et al.
(2022), five categories are used as the training set and the remaining three categories as the test set,
forming a partition of 29 training samples and 20 test samples. This split ensures that the training
set contains no shapes similar to those in the test set, thereby presenting a substantial non-isometric
matching challenge to the model.

Results. Our method demonstrates strong performance on the SMAL dataset, as summarized in
Table 2 and illustrated in Figures 4a and 5a. In this highly challenging cross-category matching
scenario, our unsupervised approach yields competitive results without relying on any supervision.
Although certain supervised methods (e.g., RevisitingMap and Hybridfmap) achieve lower errors on
the training set, with values of 3.6 and 3.3 respectively, our unsupervised method still attains an error
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of 4.3, outperforming most existing mainstream algorithms. These results indicate that our method
demonstrates robust generalization ability and practical applicability in handling shape matching
tasks with complex structures and large category variations.

4.3 SHAPE MATCHING UNDER TOPOLOGICAL NOISE

Datasets. Mesh data acquired from real-world scanned scenes often exhibit compromised topology
due to interpenetrations between different body parts. Such topological noise causes non-isometric
deformations of the internal geometry of shapes, posing great challenges for shape matching algo-
rithms. To evaluate the robustness of our method under such perturbations, we employ the TOP-
KIDS dataset Lähner et al. (2016). This dataset comprises several synthetic child shapes with artifi-
cially degraded topology through the merging of intersecting surface parts, resulting in deliberately
constructed topological defects. The comparative experiments are conducted among unsupervised,
supervised and axiomatic methods. Ground-truth correspondences are established by pairing all
shapes with a selected reference shape.

(a) Non-isometric matching results on the SMAL. (b) Non-isometric matching results on TOPKIDS.

Figure 4: Matching results of our method on the non-isometric SMAL (a) and the topological noise
TOPKIDS (b) datasets.

Table 3: Performance under topological noise on TOPKIDS. Our method demonstrates enhanced
robustness against topological noise compared to existing approaches.

Method Geo. error (×100) Method Geo. error (×100)
ZoomOut Melzi et al. (2019b) 33.7 ConsistFMaps Cao & Bernard (2022) 39.3
Smooth Shells Eisenberger et al. (2020) 11.8 AttentiveFMaps Li et al. (2022) 23.4
DiscreteOp Ren et al. (2021) 35.5 MWP Deng et al. (2022) 5.7
UnsupFMNet Halimi et al. (2019) 38.5 Hybridfmap Bastian et al. (2024) 5.0
SURFMNet Roufosse et al. (2019) 48.6 ULRSSM Cao et al. (2023) 9.2
WSupFMNet Sharma & Ovsjanikov (2020) 47.9 SDUM Cao et al. (2024a) 5.4
Deep Shells Eisenberger et al. (2020) 13.7 Ours 4.9
NeuroMorph Eisenberger et al. (2021) 13.8

(a) Qualitative results on the SMAL datasets. (b) Visual results on the TOPKIDS dataset.
Figure 5: Qualitative results on the (a) SMAL and (b) TOPKIDS datasets.
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Results. As summarized in Table 3 and illustrated in Figures 4b and 5b, our method achieves strong
performance in shape matching tasks under topological noise, exhibiting significantly superior ro-
bustness compared to existing functional map-based methods.

4.4 ABLATION STUDIES

Figure 6: Ablation study on the SMAL dataset in-
vestigating the contribution of key components.
The performance comparison demonstrates that
integrating both dual-attention and optimal trans-
port is essential for achieving high matching ac-
curacy at low error thresholds.

To validate the effectiveness of our method,
we conducted ablation studies on the SMAL
dataset under a consistent evaluation protocol,
where all models were assessed using weights
trained for one epoch. Omitting the spectral
mixture space (SMS) initially led to a high error
of 11.7; reintroducing it significantly reduced
the error, confirming its essential role in match-
ing accuracy. Within the SMS framework, we
compared three variants: (1) removing both
structural attention and optimal transport (OT),
using only a basic functional map pipeline with
nearest-neighbor matching; (2) removing struc-
tural attention while retaining OT; and (3) re-
moving OT while keeping structural attention.
As shown in Table 4 and Fig. 6, removing any
key component degraded performance, with er-
rors rising from 4.3 (full model) to between
6.5 and 7.1. The highest error (7.1) occurred
when both modules were omitted, indicating
that structural attention and OT play comple-
mentary roles and jointly contribute to perfor-
mance improvement.

5 CONCLUSION

Table 4: Ablation study on Geo. error
(×100).

SMS ATT OT Geo. error

11.7
✓ 7.1
✓ ✓ 7.0
✓ ✓ 6.5
✓ ✓ ✓ 4.3

This paper presents an unsupervised non-rigid shape
matching framework that improves the discriminative ca-
pacity of shape features and matching accuracy by inte-
grating structural information from hybrid spectral bases
with local geometric features. A dual-level attention
mechanism is introduced to enhance the feature extrac-
tion process, increasing its sensitivity to both geomet-
ric details and structural priors, which leads to more
stable descriptors under complex deformations and par-
tial occlusions. Additionally, a post-processing strategy
based on Sinkhorn optimal transport is employed to op-
timize global consistency in initial point-to-point corre-
spondences, effectively mitigating local mismatches and
sparse mapping problems. Extensive experiments demonstrate that the proposed method achieves
state-of-the-art performance on several challenging public datasets, exhibiting strong robustness in
handling non-isometric deformations, topological perturbations, and partial observations.
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