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Abstract

Deep functional map frameworks (DFM) for shape corre-
spondence are powerful, yet fundamentally limited by their
reliance on end-to-end differentiability. This constraint pre-
vents the integration of highly accurate, non-differentiable
refinement techniques, capping their overall performance, es-
pecially on challenging non-isometric shapes. To overcome
this, we introduce MDND, a novel DFM paradigm built on
the principle of merging differentiable and non-differentiable
components. Our framework facilitates unsupervised learning
guided by an internal, non-differentiable refinement. Specif-
ically, MDND employs a dual-branch architecture: a non-
differentiable refinement branch leverages a novel, multi-
scale iterative solver to produce highly robust correspon-
dences, acting as a refined target. Concurrently, a fully differ-
entiable branch learns to predict correspondences from fea-
tures. The entire system is trained end-to-end without su-
pervision by enforcing a consistency loss that compels the
differentiable branch to learn from the superior, refined re-
sults of the non-differentiable branch. Extensive experiments
show that MDND sets a new state-of-the-art, demonstrating
remarkable robustness on shapes with non-isometric defor-
mations and topological noise.

Code — https://github.com/AMAWDBAC/MDND

Introduction

Establishing correspondences between non-rigid 3D shapes
is a fundamental problem in computer vision and graphics,
with broad applications in texture transfer (Dinh, Yezzi, and
Turk 2005), shape interpolation (Ezuz, Solomon, and Ben-
Chen 2019), statistical shape analysis (Bogo et al. 2014), and
animation (Sumner and Popovi¢ 2004). Despite decades of
research, the problem remains highly challenging, especially
when shapes undergo severe non-isometric deformations or
contain substantial topological noise.

The functional map framework has emerged as a domi-
nant paradigm for non-rigid shape correspondence, revolu-
tionizing the field by recasting the problem from matching
points to matching functions between shapes (Ovsjanikov
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Figure 1: Qualitative comparison on challenging shapes.
We visualize correspondences via texture transfer, com-
paring our method against state-of-the-art approaches like
ULRSSM (Cao, Roetzer, and Bernard 2023) and Hy-
bridFMaps (Bastian et al. 2024). Our method produces no-
ticeably more accurate and coherent maps in challenging
scenarios involving non-isometric deformations (top rows)
and significant topological noise (bottom row).

et al. 2012; Pai et al. 2021; Liu et al. 2022). This approach
represents the correspondence compactly as a small matrix,
the functional map, in a spectral basis typically composed of
the eigenfunctions of the Laplace-Beltrami Operator (LBO).
The advent of deep learning has given rise to deep func-
tional map (DFM) pipelines (Litany et al. 2017; Donati,
Sharma, and Ovsjanikov 2020; Donati, Corman, and Ovs-
janikov 2022; Vigano, Ovsjanikov, and Melzi 2025), which
learn optimized feature descriptors directly from data to im-
prove matching accuracy. Over time, the field has converged
on a powerful, yet highly structured, standard architecture.
These pipelines typically employ a Siamese-style network to
extract pointwise features, which are then fed into a differ-
entiable layer to solve for the functional map matrix. A key
innovation was the introduction of a second, parallel branch
that promotes consistency between the functional map and
a soft pointwise map derived from feature similarity (Cao,
Roetzer, and Bernard 2023; Luo et al. 2025). This two-
branch architecture, which enforces consistency between the



functional and spatial domains, has become the de facto
standard for achieving state-of-the-art results in both super-
vised and unsupervised settings.

This convergence on a standard pipeline, however, ex-
poses a fundamental and shared limitation: an implicit re-
liance on end-to-end differentiability. This constraint is a
significant bottleneck, as it precludes the integration of pow-
erful axiomatic refinement methods. These methods (Melzi
et al. 2019; Eisenberger, Lahner, and Cremers 2020; Hu
et al. 2021; Li et al. 2024), often formulated as iterative op-
timization procedures, can produce highly accurate corre-
spondences from a reasonable initialization. However, they
frequently incorporate complex, non-differentiable opera-
tions such as nearest-neighbor searches or discrete opti-
mization steps (Ren et al. 2021), making them incompatible
with gradient-based training. Recent efforts to create differ-
entiable versions of these axiomatic algorithms have been
met with significant trade-offs. Such approaches often re-
quire storing and differentiating through large, dense soft-
correspondence matrices, leading to quadratic memory com-
plexity that is infeasible for high-resolution meshes (Eisen-
berger et al. 2020; Li, Donati, and Ovsjanikov 2022; Hu et al.
2023). Furthermore, differentiating through the linear sys-
tem solvers inherent to many DFM pipelines is known to
be numerically unstable (Donati, Sharma, and Ovsjanikov
2020). This suggests a flawed premise in the current research
trajectory: by forcing the axiomatic method to become dif-
ferentiable, its original robustness and elegance are often
compromised in favor of a fragile, inefficient, and incom-
plete approximation that fits the deep learning mold.

In this work, we challenge the necessity of end-to-end dif-
ferentiability and propose a novel DFM paradigm, termed
MDND (Merging Differentiable and Non-Differentiable
components). Instead of forcing axiomatic methods into a
differentiable framework, we leverage their full, uncom-
promised power by treating them as non-differentiable su-
pervisory oracles. In our proposed framework, a deep net-
work first predicts an initial correspondence. This map is
then refined by a powerful, off-the-shelf axiomatic algo-
rithm, which may contain non-differentiable steps. The re-
sulting high-quality map from this oracle is then used as
a pseudo-ground-truth target. A consistency loss between
the network’s initial prediction and the oracle’s refined out-
put is backpropagated through the feature-learning network.
This process effectively teaches the network to generate fea-
tures that produce better initializations—ones that the ax-
iomatic method can readily refine to a high-accuracy solu-
tion, thereby dramatically improving learning efficiency and
final matching precision. A powerful learning framework re-
quires an equally powerful oracle. However, many efficient
and popular axiomatic refiners, such as ZoomOut (Melzi
etal. 2019) or MWP (Hu et al. 2021), are built upon the LBO
eigenbasis. While the LBO basis is intrinsically defined and
thus robust to isometries, it fundamentally struggles to char-
acterize the high-frequency, extrinsic details like bending
and creasing that define non-isometric deformations. This
makes LBO-based refiners inherently ill-suited for the most
challenging matching problems. Inspired by recent work
showing that a hybrid basis (Bastian et al. 2024)—com-
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bining the intrinsic LBO basis with an extrinsic basis de-
rived from an elastic thin-shell energy (ELA) (Hartwig et al.
2023)—is far more expressive for non-isometric shapes, we
propose a new iterative refinement by generalizing the prin-
ciples of state-of-the-art refiners MWP (Hu et al. 2021) to
this more powerful hybrid basis. Our refiner is theoreti-
cally grounded, efficient, and highly robust to severe non-
isometric deformations and topological artifacts. In sum-
mary, the main contributions of this work include:

* We propose MDND, the first approach to integrate non-
differentiable iterative refinement into the deep func-
tional map framework, aiming to enhance feature learn-
ing and matching accuracy.

* We introduce an effective refinement with theoretical jus-
tification, and seamlessly incorporate it as a supervisory
oracle within the MDND framework, significantly im-
proving robustness in challenging scenarios.

* Extensive experiments across a wide range of challeng-
ing conditions demonstrate that our method sets a new
state-of-the-art, particularly in cases involving substan-
tial non-isometric deformations and topological noise.

Related Work

Shape correspondence is a central topic in geometric pro-
cessing, and we refer the reader to recent surveys for a com-
prehensive overview (Sahillioglu 2020; Deng et al. 2022).
Our work builds upon three key pillars of research: ax-
iomatic functional maps, deep functional map methods, and
the development of expressive spectral bases.

Axiomatic Functional Maps and Refinement. The
functional map framework, introduced by Ovsjanikov et
al. (Ovsjanikov et al. 2012), provides an elegant algebraic
representation of correspondences. This foundational work
sparked a wave of axiomatic (i.e., non-learning-based) meth-
ods aimed at improving map quality. These approaches typ-
ically focus on designing sophisticated energy functions to
enforce desirable properties, such as orientation preserva-
tion (Ren et al. 2018; Donati et al. 2022), consistency with
geometric wavelets (Hu et al. 2021; Liu et al. 2022), or
multi-shape consistency (Huang et al. 2020; Gao, Zorah,
and Bernard 2021). To optimize these energies, powerful
iterative refinement strategies have become standard prac-
tice. Methods like ZoomOut (Melzi et al. 2019), MWP (Hu
et al. 2021), and Smoothshells (Eisenberger, Lahner, and
Cremers 2020) iteratively alternate between solving for a
functional map and updating a pointwise correspondence.
While these axiomatic techniques can achieve high accu-
racy, their performance is fundamentally limited by their re-
liance on hand-crafted feature descriptors (Aubry, Schlick-
ewei, and Cremers 2011; Sun, Ovsjanikov, and Guibas 2009;
Salti, Tombari, and Di Stefano 2014; Liu et al. 2024a) and
spectral bases of LBO, which often fail in the presence of
strong non-isometric deformations.

Deep Functional Maps. To mitigate the reliance on
hand-crafted features, the field has shifted towards Deep
Functional Maps (DFM). FMNet (Litany et al. 2017) was
the first to learn feature descriptors for functional maps



in a supervised manner. Unsupervised learning was sub-
sequently introduced, using losses based on geodesic dis-
tances (Halimi et al. 2019) or structural properties of the
functional map (Roufosse, Sharma, and Ovsjanikov 2019).
The DFM pipeline has progressively matured with archi-
tectural innovations. GeomFmaps (Donati, Sharma, and
Ovsjanikov 2020) introduced a differentiable regularized
map solver, DUOFMNet (Donati, Corman, and Ovsjanikov
2022), which learned orientation-aware features using com-
plex functional maps (Donati et al. 2022). AttentiveFMaps
(Li, Donati, and Ovsjanikov 2022) employed spectral at-
tention to handle varying resolutions. A significant break-
through came with the introduction of dual-branch archi-
tectures (Cao, Roetzer, and Bernard 2023, 2024; Sun et al.
2023; Luo et al. 2025), which enforce consistency between
the functional map domain and the pointwise spatial do-
main. However, a common thread unites these advanced
pipelines: their complete reliance on end-to-end differen-
tiability prevents them from incorporating the powerful,
non-differentiable solvers developed in the axiomatic liter-
ature. Compared to the above works, which only optimize
descriptors, recent research has attempted to use genera-
tive models to directly learn functional mappings simultane-
ously (Zhuravlev, Lahner, and Golyanik 2025; Emery et al.
2025). However, this work requires training on large labeled
datasets and is less effective than the former.

Intrinsic-Extrinsic Bases in Functional Maps. The
functional map framework is built upon spectral bases. The
eigenvectors of LBO are the conventional choice due to their
intrinsic nature, which provides robustness to isometric de-
formations. However, this very property is a limitation in
non-isometric settings, where crucial extrinsic information
(e.g., bending and creases) is lost. To address this, recent
work has explored more expressive bases. Hartwig et al.
(Hartwig et al. 2023) introduced an extrinsic basis derived
from the Hessian of a thin-shell elastic energy (the ELA-
basis), which is highly sensitive to such fine-grained details.
Building on this, HybridFMaps (Bastian et al. 2024) demon-
strated that a hybrid spectral space combining the intrinsic
LBO basis and the extrinsic ELA basis is significantly more
expressive for non-isometric shapes. Our work is motivated
by these advancements, and we leverage a hybrid basis to
construct a refinement oracle that is robust to the challeng-
ing deformations where purely intrinsic methods fail.

Background

In this section, we provide an overview of the background
knowledge related to several key modules integral to our ap-
proach.

Functional Map

Let T : M — N be a pointwise map from shape M to
shape A. The induced functional map Tr : L*(N) —
L?(M) transforms square-integrable real-valued functions
from A to M. Specifically, for any function fnr € L2(N),
the corresponding function fy; € L2(M) is defined by
the composition faq = Tr(far) = fa o T. Assuming
that £2(M) and £2(N\') are equipped with basis functions
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{¢pM}i>1 and {(bév }j>1, respectively, the functional map
can be represented as a matrix C = (c¢;;), where ¢;; =
(TF(%V ), o). Bach element of C captures the relation-
ship between the two sets of basis functions.

In the discrete setting, shapes M and A\ are typically rep-
resented as triangular meshes with m and n vertices, respec-
tively. The pointwise map 7" is denoted by I yqpr € R™*™,
where [Ty (2,5) = 1if T'(i) = j, and 0 otherwise. Here,
i and j represent vertex indices on shape M and N, re-
spectively. And we regard it as a proper pointwise map. Let
PLBO € R™*k and LPO € R"** denote the matrices
containing the first & discretized Laplacian eigenfunctions
for each shape. The functional map CIJ(/BA(,)t is given by the
projection of ITpqn onto the corresponding functional ba-
sis:

CiPm = (23 0) TLun @57, (1)
where | denotes the Moore-Penrose pseudo-inverse. Since
the functional map CJI(/BAC,)l in Eq.(1) arises from a pointwise
correspondece, we call it proper functional map (Ren et al.
2021).

When the pointwise map (and, by extension, the func-
tional map) is unknown, the functional map can be computed
by solving the following optimization problem:

Y (C) + aBreg (C)

Ciy = arg éninEdCSC

@

where Egese (C) = ||CKBG(®KFO)IFp — (®55°)TF 5
enforces descriptor preservation. Here, F, € R™*¢ and
Fyn € R™ % are d-dimensional feature matrices for M
and N, respectively. The term FE,, (C) represents a
regularization function that promotes structural consistency
in C, and « is a regularization parameter. Once CJI(/BA(,DI is
obtained, the pointwise map is derived through a nearest
neighbor search in the spectral embedding spaces (‘bk}go
and ®EFOCLBO). However, the quality of the resulting map
is often suboptimal. To improve this, various refinement
techniques have been proposed (Melzi et al. 2019; Magnet
et al. 2022; Donati et al. 2022; Ren et al. 2018; Hu et al.
2021), which iteratively alternate between optimizing the
functional and pointwise maps to enhance accuracy.

Deep Functional Map

Deep functional map (DFM) methods have become state-
of-the-art for non-rigid shape correspondence. The standard
DFM pipeline, illustrated in Figure 2, consists of three main
stages: feature extraction, differentiable map estimation, and
unsupervised loss computation.

Feature Extraction. Given two input shapes, M and NV, a
trainable Siamese network Fj is employed to extract point-
wise feature descriptors, F 5, and F 5, respectively. Here, 0
represents the learnable network parameters. DiffusionNet
(Sharp et al. 2022) has emerged as the de facto standard
backbone for this task, as it excels at learning robust features
that are invariant to discretization and aware of orientation.

Differentiable Map Estimation. The learned features are
then passed to a differentiable solver, which computes a
functional map, C, by minimizing an energy function such
as the one specified in Equation (2). The differentiability of
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Figure 2: A comparison of deep functional map architectures. (a) The conventional dual-branch framework which is fully dif-
ferentiable and thus limited to differentiable solvers. (b) Our proposed MDND framework, which introduces a paradigm shift
by incorporating a non-differentiable iterative refinement oracle. This oracle generates a high-quality target map, while gradi-
ents for training the feature extractor propagate exclusively through the parallel, differentiable branch. This design decouples
refinement from learning and avoids potential gradient conflicts.

this step is crucial as it allows gradients to flow back to the
feature extraction network during training.

Unsupervised Losses. To train the feature extractor JFy
without ground-truth correspondences, several structural
regularizers are imposed on the computed functional maps.
Foundational losses include an orthogonality regularizer,
which encourages the map to be area-preserving, and a bi-
jectivity regularizer, which enforces cycle consistency (i.e.,
mapping from M to N and back should approximate the
identity). These are formulated as:

Lown = ||CH i Crmt = I o4 ]|ChnCotn — 1|, 3

Luiy = [CAmCoain = Ilp + ICraCrrre — I - @)
More recently, (Cao, Roetzer, and Bernard 2023) intro-
duced a coupling loss used to enforce consistency between
the map computed by the differentiable solver and the one
derived from the soft pointwise map IT50f -, which is derived

from the feature similarity using a Softmax operation.:

&)

This encourages the learned functional map to correspond
to a valid pointwise map, significantly improving matching
accuracy.

Our MDND framework fundamentally departs from this
standard pipeline. Instead of relying on a differentiable
solver to compute an initial map, we leverage a powerful,
non-differentiable iterative refinement algorithm. This algo-
rithm directly optimizes the functional map to a much higher
quality, and its output is then used as a supervisory signal to
guide the learning of the feature network. This key differ-
ence allows us to break free from the constraints of end-to-
end differentiability and integrate the strengths of axiomatic
refinement into the deep learning process.

Method

Traditional iterative optimization methods are crucial in
functional map computations; however, their direct integra-

2
»Ccouple = HCNM - (I)T/\/[H?AAOIC}\[(I)NHF
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tion into deep learning frameworks has been hindered by
their non-differentiable nature. To overcome this limitation,
we introduce a novel paradigm called MDND (Merging
Differentiable and Non-Differentiable Branches), which fa-
cilitates information exchange between differentiable and
non-differentiable components within deep functional maps.
This approach challenges the prevailing assumption that
only differentiable operations are suitable for such frame-
works. Figure 2 offers a concise overview of our method.
Specifically, the first branch generates hard correspondence
derived from learned features and serves as the input to pro-
duce a well-structured functional map using a novel itera-
tive optimization solver (see Algorithm 1). This map sub-
sequently serves as a supervisory signal to guide the back-
propagation of the second Differentiable branch, which op-
erates on soft correspondences. A detailed explanation of
our method is provided in the following.

Feature Extractor

The first core component of our network is the Deep Fea-
ture Module, implemented as a Siamese network with shared
weights. This module extracts features from the source and
target shapes, which consist of m and n vertices, respec-
tively. We employ DiffusionNet (Sharp et al. 2022), a state-
of-the-art surface feature extractor that utilizes diffusion
across the surface to generate features resilient to discretiza-
tion variations. Furthermore, DiffusionNet incorporates a
spatial gradient operation to effectively address bilateral
symmetry. The extracted features for the source and target
shapes are denoted by Fp € R™*? and Fy € R™*,
respectively, where d signifies the dimensionality of the
learned features.

Non-Differentiable Iterative Refinement

Inspired by the efficiency of spectral filtering techniques like
MWP (Hu et al. 2021), we propose a novel and efficient iter-
ative optimization method, which we term Hybrid Wavelet



Algorithm 1: HWF for Correspondence

Input: Initialize pointwise map Hharjﬁif
Output: Refined IThHa5d, (CELA) (CEBON
Iterative updates between CLB0, CELA and IThard
For ¢ = 1 to maxIter do
CELA ((I)ELA)THhard (DELA
(CRED" = 2, a(si AT CREG g (s ARF?)
CEG — (047°) T ok

(CKBO)" = 1, 9(s:AKEC)CRBG (s, AKEO)
(I)ELA((CELA) )*
hard NM
g g = Nearn (ol (G -
en

Filtering (HWF). The core idea is that a high-quality cor-
respondence can be recovered through a remarkably simple
iterative loop: (1) converting a pointwise map to its func-
tional map representation, (2) refining this functional map
via spectral filtering, and (3) converting the refined map back
to an updated pointwise map. Starting with an initial corre-
spondence, iterating these steps rapidly converges to an ac-
curate solution at a very low computational cost.

Our primary contribution, which distinguishes HWF from
MWP, is the generalization of this filtering process to hy-
brid spectral bases. Instead of operating solely on the stan-
dard LBO basis, our method leverages a combined basis of
both LBO and ELA eigenfunctions. This is crucial for im-
proving robustness in challenging scenarios involving non-
isometric deformations and topological noise, where the
LBO basis alone is insufficient. While inspired by MWP, we
present a completely different theoretical derivation, which
is provided in detail in the appendix.

The complete algorithmic workflow is detailed in Algo-
rithm 1. In the algorithm, ®%F° and ®KLA are matrices
composed of the LBO and ELA eigenfunctions, while A“B©
and APMA are the diagonal matrices of their correspond-
ing eigenvalues. {g(s;\) }%, represents a family of spectral
manifold wavelet filters, IIh30 is a vertex index sequence,
and (C/r )" denotes to the adjoint operator of C}y .

In the following section, we will detail how we embed this
powerful, non-differentiable HWF algorithm into our deep
functional map framework to serve as a supervisory oracle,
guiding the learning of robust feature descriptors.

The MDND Dual-Branch Architecture

Our framework is built on a dual-branch architecture de-
signed to leverage the strengths of both differentiable learn-
ing and non-differentiable optimization. One branch oper-
ates in a fully differentiable manner to enable gradient-based
training, while the other, non-differentiable branch acts as a
powerful refinement oracle to provide high-quality supervi-
sion.

Non-Differentiable Refinement Branch. The purpose of
this branch is to generate a highly accurate target correspon-
dence. It begins by computing an initial hard pointwise map,

Hi‘\jrj\i/, via a simple nearest-neighbor search on the learned

@%A>
o
vht
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features F' o4 and F z/:
= NNsearch(Far, Faq) (6)

This hard map, which can be memory-efficiently represented
as a single vector of indices in implementation, serves as the
input to our Hybrid Wavelet Filtering (HWF) algorithm (Al-
gorithm 1). The HWF iteratively refines this initial guess,
producing high-quality functional maps based on hybrid
spectral bases, (CKES)" and (CKBO)". Since the entire
HWEF process is parameter-free and non-differentiable, we
do not track gradients through this branch, treating its out-
put solely as a supervisory signal.

Differentiable Learning Branch. This branch is respon-
sible for learning the feature extractor Fy. To maintain a
differentiable path for backpropagation, we compute a soft
pointwise map, Hf&j\/ from the learned features. This is
achieved by calculating a feature similarity matrix and ap-
plying a temperature-scaled Softmax operator:

oM = Softmax(FmF /1), (7

where 7 is the temperature parameter that controls the soft-
ness of the resulting map. The output of this branch, Hi{’,{f\/,
is a soft correspondence that can be directly used in our loss

function to update the network weights.

hard
i

Unsupervised Loss Function

Traditional DFM frameworks often rely on multiple struc-
tural regularizers, such as orthogonality and bijectivity
losses. Balancing the weights of these competing terms can
be challenging and can complicate the optimization land-
scape. To avoid this, we adopt a single, streamlined unsu-
pervised loss function inspired by recent work (Hu et al.
2023). Our loss directly enforces consistency between the
output of our two branches: the soft pointwise map from the
differentiable branch and the high-quality functional map
from the non-differentiable oracle. The alignment loss con-
structed upon hybrid spectral bases is defined as:

ﬁalign = Hq)M BOft (I)N(CNM ||F ®)

During backpropagation, C},, obtained by the HWF re-
finer is treated as a fixed, detached constant, ensuring that
gradients only flow through the differentiable branch to up-
date the feature extractor. This elegant formulation allows
the network to learn meaningful correspondences by chasing
a high-quality, iteratively refined target, without the need for
multiple, hand-weighted loss terms.

Experiments

In this section, we conduct extensive experiments to evalu-
ate our method. We compare MDND against a diverse set
of previous approaches across a broad range of challenging
scenarios, from near-isometric matching to settings with sig-
nificant non-isometric deformations and topological noise.

Implementation Details

Our method was implemented in PyTorch, and all experi-
ments were run on a single NVIDIA RTX 4090 GPU. Fol-
lowing standard evaluation protocols, we report the mean



Method / Dataset = S Frl o Salgyg g DTAD-H - DTAD-H - pip g
Fr Sr Sr Fr inter intra
BCICP 6.1 11.0 - - 28.6 - - -
ZoomOut 6.1 7.5 - - 38.4 29.0 4.0 33.7
SmoothShells 25 4.7 - - 36.1 6.4 1.2 10.8
DiscreteOp 5.6 13.1 - - 38.1 27.6 3.6 35.5
MWP 3.1 4.1 - - 20.9 25.4 254 5.7
FMNet 11.0 17.0 30.0 33.0 42.0 38.0 9.6 -
GeomFmaps 3.5 4.3 4.8 4.0 8.4 4.2 1.9 -
DeepShells 19 45 68 55 28.7 31.1 34 13.7
DUOFMNet 2.5 2.6 4.2 2.7 6.7 15.8 2.6 -
AttentiveFMaps 1.9 2.1 2.6 1.9 4.4 11.6 1.7 234
ConsistentFMaps 2.3 24 26 25 5.2 6.1 1.2 -
RFMNet 1.6 4.5 5.3 2.1 4.4 5.4 1.8 4.9
ULRSSM 1.6 1.8 6.4 4.5 4.4 4.1 0.9 9.2
MSSFMaps 19 26 46 28 4.3 4.1 1.8 -
HybridFMaps 1.5 18 82 1.8 33 35 1.0 5.0
MSRFMNet 1.7 2.1 2.6 2.0 4.5 36.2 1.5 33.2
DFAFM 1.6 19 27 1.9 3.9 4.2 0.9 6.3
Ours 1.6 1.9 2.1 1.6 3.1 4.4 1.0 3.5

Table 1: Quantitative comparison with state-of-the-art methods. We report the mean geodesic error (x100) across datasets
representing near-isometric, non-isometric, and topologically noisy scenarios. Methods are grouped by category. The best and
second-best results are highlighted in bold and underlined, respectively.

geodesic error, normalized by the square root of the source
shape’s area. For fair comparison, we use 128-dimensional
HKS descriptors (Sun, Ovsjanikov, and Guibas 2009) as in-
put features for all methods and datasets. We set the LBO ba-
sis size to 128 and the ELA basis size to 200 for all datasets,
except for SMAL, where it was reduced to 100 due to the
nature of the shapes. No post-processing or test-time adap-
tation was applied to our results. For readability, all reported
geodesic errors in our tables are multiplied by 100.

Comparison with State-of-the-Art

Baselines. We compare our method against a comprehensive
set of recent and influential works, which can be categorized
as follows:

e Axiomatic methods: BCICP (Ren et al. 2018), ZoomOut
(Melzi et al. 2019), Smooth-Shells (Eisenberger, Lahner,
and Cremers 2020), DiscreteOp (Ren et al. 2021), and
MWP (Hu et al. 2021).

Supervised methods: FMNet (Litany et al. 2017) and Ge-
omFmap (Donati, Sharma, and Ovsjanikov 2020).

Unsupervised methods: A wide range of recent ap-
proaches including DeepShells (Eisenberger et al. 2020),
DUOFMNet (Donati, Corman, and Ovsjanikov 2022),
AttentiveFMaps (Li, Donati, and Ovsjanikov 2022),
ConsistentFMaps (Sun et al. 2023), RFMNet (Hu
et al. 2023), ULRSSM (Cao, Roetzer, and Bernard
2023), MSSFMaps (Magnet and Ovsjanikov 2024), Hy-
bridFMaps (Bastian et al. 2024), MSRFMNet (Liu et al.
2024b) and DFAFM (Luo et al. 2025).

Near-isometric Shape Matching. We first evaluate
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Figure 3: Cross-dataset generalization results. Correspon-
dence quality is visualized using texture transfer when train-
ing and testing on different datasets.
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MDND on two standard near-isometric benchmarks:
FAUST (Bogo et al. 2014) and SCAPE (Anguelov et al.
2005). As shown in Table 1, our method achieves perfor-
mance comparable to the state-of-the-art on the standard
remeshed FAUST and SCAPE test sets. Notably, our method
excels in the generalization tests (F—S and S—F), indicat-
ing its ability to learn robust features that transfer well across
different shape collections.

Non-isometric Shape Matching. To assess performance
on more challenging non-isometric shapes, we use the
SMAL (Zuffi et al. 2017) and DT4D-H (Magnet et al.
2022) datasets. On SMAL, which contains various tetra-
pod species, Table 1 shows that our method significantly
outperforms approaches that rely solely on the LBO ba-



Method/Dataset SCAPE SMAL TOPKIDS

Differentiable Solver 2.0 4.2 9.4
Non-Differentiable

Iterative Refinement 1.9 3.1 35

Table 2: Impact of the non-differentiable refinement branch.
To measure the effectiveness of our core contribution, we re-
placed our non-differentiable oracle with a standard differ-
entiable solver. The results show a clear performance drop
for the fully differentiable version, confirming that our ar-
chitecture is crucial for achieving state-of-the-art accuracy.

sis, underscoring the importance of extrinsic information for
non-isometric correspondence. On the DT4D-H dataset, our
method demonstrates superiority over most competitors in
both intra-class and inter-class matching scenarios.

Matching with Topological Noise. Finally, we test the ro-
bustness of our method on the TOPKIDS dataset (Ldhner
et al. 2016), which features near-isometric deformations cor-
rupted by significant topological artifacts. The results in
Table 1 are striking: our method achieves the best perfor-
mance, improving upon the next-best approach by a remark-
able 30%. This highlights the exceptional robustness of our
refinement oracle and learning framework.

Ablation Studies

Our primary contributions are twofold: the integration of a
non-differentiable iterative refinement method into the deep
functional map framework, and the generalization of the
MWP algorithm to hybrid bases (HWF). To validate the ef-
fectiveness of each component, we conduct the following
targeted ablation studies.

(1) Differentiable Solver vs. Non-Differentiable Itera-
tive Refinement. To verify the benefit of embedding a non-
differentiable optimizer within our learning framework, we
compare our full MDND model against a baseline that ad-
heres to a more traditional, fully differentiable pipeline. In
this baseline, we replace our non-differentiable iterative re-
finement branch with a standard differentiable solver that
computes the functional map directly from the features via
Equation (2). We perform experiments on representative
datasets covering near-isometric (SCAPE), non-isometric
(SMAL), and topologically noisy (TOPKIDS) shapes.

The results, presented in Table 2, demonstrate that our
proposed MDND framework with non-differentiable re-
finement consistently achieves superior matching accuracy
across all three categories of datasets. This confirms that us-
ing a powerful, non-differentiable oracle to generate a high-
quality supervisory signal is more effective than relying on
a purely differentiable solver.

(2) Analysis of the Refinement Oracle: MWP vs. HWF.
To address the limitations of the LBO basis in non-isometric
scenarios, we proposed HWE, which generalizes MWP to a
hybrid basis. To isolate and validate the effectiveness of this
contribution, we configure the MDND framework with three
different refinement oracles:
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Method/Dataset SCAPE SMAL TOPKIDS
MWP (LBO only) 22 4.9 14.7
MWP (ELA only) 2.3 4.1 5.5

HWF (LBO + ELA) 1.9 3.1 3.5

Table 3: Effectiveness of the Hybrid-Basis Refiner (HWF).
To isolate the contribution of our proposed HWF algorithm,
we compare its performance against single-basis alterna-
tives. The results confirm that combining both the LBO and
ELA bases within our HWF refiner is crucial for achieving
the best performance.

* MWP (LBO only): The standard MWP algorithm using
only the LBO basis.

* MWP (ELA only): MWP adapted to use only the ELA
basis.

* HWF (LBO + ELA): Our proposed method using the hy-
brid basis.

All other experimental settings remain constant. The results,
shown in Table 3, clearly indicate that our HWF (LBO +
ELA) achieves the best matching performance across all
datasets. This validates our hypothesis that generalizing the
refinement to a hybrid basis provides a significant advan-
tage, leading to a more robust oracle capable of handling
diverse and challenging geometric settings.

Conclusions

In this paper, we introduced MDND, a novel deep functional
map framework that merges the power of deep learning with
the robustness of traditional axiomatic optimization. Our
core contribution was a dual-branch architecture that lever-
ages a powerful, non-differentiable iterative refinement ora-
cle to provide high-quality supervision for a feature-learning
network. This was enabled by our new HWF algorithm,
which operates on expressive hybrid (LBO+ELA) bases.
Our approach simplifies the training process and achieves
state-of-the-art accuracy, particularly on challenging non-
isometric and topologically noisy shapes.

Despite these strong results, we acknowledge the inher-
ent limitations of a purely spectral approach. A promis-
ing direction for future work is to integrate our framework
with explicit spatial deformation models, potentially bridg-
ing the gap between the spectral and spatial domains for
even greater robustness.
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