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Figure 1. We learn diffusion priors in the spectral domain from a large collection of functional maps computed on registered human shapes.
The learned spectral diffusion priors are category-agnostic and generalize robustly to unseen shape categories, enabling accurate zero-shot

non-rigid shape matching.

Abstract

Deep functional maps have recently emerged as a power-
ful tool for solving non-rigid shape correspondence tasks.
Methods that use this approach combine the power and flex-
ibility of the functional map framework, with data-driven
learning for improved accuracy and generality. However,
most existing methods in this area restrict the learning as-
pect only to the feature functions and still rely on axiomatic
modeling for formulating the training loss or for functional
map regularization inside the networks. This limits both the
accuracy and the applicability of the resulting approaches
only to scenarios where assumptions of the axiomatic mod-
els hold. In this work, we show, for the first time, that both
in-network regularization and functional map training can
be replaced with data-driven methods. For this, we first
train a generative model of functional maps in the spec-
tral domain using score-based generative modeling, built
from a large collection of high-quality maps. We then ex-
ploit the resulting model to promote the structural proper-
ties of ground truth functional maps on new shape collec-
tions. Remarkably, we demonstrate that the learned mod-
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els are category-agnostic, and can fully replace commonly
used strategies such as enforcing Laplacian commutativity
or orthogonality of functional maps. Our key technical con-
tribution is a novel distillation strategy from diffusion mod-
els in the spectral domain. Experiments demonstrate that
our learned regularization leads to better results than ax-
iomatic approaches for zero-shot non-rigid shape match-
ing. Our code is available at: https://github.com/
daidedou/diffumatch/

1. Introduction

Shape matching is a fundamental problem in geometry pro-
cessing, as it is a necessary step for many applications such
as shape interpolation [2], texture transfer [19], and statisti-
cal shape analysis [8, 9].

A particularly appealing approach to non-rigid shape
matching is the recent deep functional maps framework [20,
42]. Tt consists of two main blocks: (1) a deep feature
extractor that computes descriptor functions approximately
preserved across a pair of input shapes, and (2) a differen-
tiable functional map solver that computes the matching in
the spectral domain under axiomatic regularizations. Func-



tional maps [51] provide a flexible and compact representa-
tion of shape correspondences as small-sized matrices, and
have been successfully applied to shape matching, but also
other tasks such as shape classification [31] or representa-
tion alignment [27]. However, existing methods rely heav-
ily on axiomatic modeling, such as near isometry and local
area preservation constraints [15, 67], for formulating the
training loss or for functional map regularization inside the
networks. This limits their accuracy and generalization to
unseen shape pairs where these assumptions may not hold.

This motivates us to explore replacing the axiomatic reg-
ularizations in deep functional maps with structural pri-
ors learned directly from data. Recently, diffusion models
[33, 69] have demonstrated strong capabilities in modeling
complex data distributions, achieving impressive results in
tasks such as image generation and editing [49, 65]. The
rich priors learned by these models have also proven useful
in many other tasks, such as 3D generation and reconstruc-
tion [57, 75, 77]. Inspired by these successes, we propose
to leverage diffusion models to capture structural properties
of functional maps directly in the spectral domain. With the
spectral diffusion priors as a powerful regularizer, we aim
to enhance the robustness and accuracy of functional map
estimation for non-rigid shape matching.

In this work, we leverage large-scale datasets of regis-
tered non-rigid 3D shapes, primarily human bodies [9], to
learn informative structural priors of functional maps. We
first construct a large collection of high-quality functional
maps from the non-rigid 3D registrations in [9], and then
train an unconditional diffusion model in the spectral do-
main to capture the distribution of these functional maps.
Building on this spectral diffusion model, we propose a
novel zero-shot deep functional map pipeline, which incor-
porates a novel data-driven regularization to promote struc-
tural properties consistent with those observed in the train-
ing data. Specifically, we distill a mask from the trained
spectral diffusion model. This mask encodes learned struc-
tural priors, replacing conventional axiomatic regulariza-
tions, such as Laplacian commutativity or orthogonality,
commonly used in deep functional map pipelines. Remark-
ably, our learned spectral diffusion priors, though trained
on human shapes, are category-agnostic and demonstrate
strong generalization to unseen shape categories, including
humanoids and animals.

In summary, our contributions are:

We introduce a spectral diffusion model to learn the dis-
tribution of functional maps, effectively capturing their
structural characteristics in the spectral domain.

We distill the learned spectral diffusion priors into a mask
that serves as a data-driven regularizer, replacing ax-
iomatic regularizations and improving robustness in zero-
shot deep functional map pipelines.

Our spectral diffusion priors, learned from human shapes,

5746

demonstrate remarkable adaptability, generalizing effec-
tively to diverse and previously unseen shape categories.

2. Related Work

Functional Maps and Regularizations. Since the func-
tional maps seminal work [51], in which orthogonality and
Laplacian commutativity penalties are derived to encour-
age near-isometric maps, many axiomatic approaches have
been proposed to improve the computation of functional
maps. One of the most common penalties is to encourage
bijectivity of the functional maps [52], thereby encouraging
bijectivity of the corresponding pointwise correspondence.
Ren et al. [58] propose to encourage orientation preserva-
tion and continuity of maps, along with a new iterative algo-
rithm to improve the quality of maps. Panine et al. [54] pro-
pose to promote conformality of maps with a new penalty
and functional basis for the map computation.

Recently, Zoomout [48] has shown that alternating be-
tween functional map and pointwise correspondence repre-
sentation is a remarkably efficient method to regularize the
final map quality automatically. One of the key components
is the projection of maps to the proper map space [40, 61],
the space of functional maps corresponding to valid point
correspondences, from which it is easier to optimize spa-
tial energies like the Dirichlet energy [46], or elastic ener-
gies with a separate deformation network [16]. This has
lately been used to improve the training of deep functional
maps, with different losses encouraging functional maps to
be proper [15, 17, 39]. Some approaches propose to use
geometric information to refine maps using geometric con-
sistency either in the training of deep functional maps [17],
or at test time with precomputed deep features [29, 63, 64],
which can be useful in partial shape matching [22, 23]. An-
other way to mitigate errors is to match multiple shapes at
the same time rather than a pair [26, 28], with an increased
computational cost. Another direction aims at exploring an
alternative to the Laplace-Beltrami operator for construct-
ing the shape basis [7, 10, 29, 76], however, it is not straight-
forward to incorporate these new approaches in a deep func-
tional maps pipeline.

Only a few works have focused on improving mask reg-
ularization. In partial functional maps [62], the authors pro-
pose a slanted regularization to encourage the map to follow
Weyl’s law. Ren et al. improved the original Laplacian com-
mutativity by using the Resolvent operator [59], which has
better theoretical properties.

To perform well, most of these approaches require a
good quality initialization as input, which is given by the
mask regularization [4], or by large-scale pre-trained fea-
tures [79]. In contrast, we propose a data-driven mask com-
putation, which allows for a better initialization of the maps
and a distilled loss to optimize the maps.



Knowledge Distillation of Score-based Generative Mod-
els. Denoising diffusion models [33] are a class of gen-
erative models that learn the mapping between an (un-
known) data distribution and a Gaussian distribution. They
have shown a great generalization capability, surpassing
GANSs for image generation [18]. Moreover, the distribu-
tion learned by the diffusion models, has numerous desir-
able properties, as it learns the gradient of the log density,
the score, of the (noised) data distribution [70]. The learned
score can be distilled in various ways depending on the
downstream tasks, such as image inpainting [43], denois-
ing [71], and more recently, text-to-3D generation.

Score distillation sampling (SDS) [57] has indeed
quickly become a preferred approach to zero-shot text-to-
3D generation using 2D image-based diffusion models. The
authors of [57] propose to use the learned score of the dif-
fusion model as the gradient of a desired image given a
user text prompt. Coupled with a differentiable scene rep-
resentation and rendering, the proposed loss allows for the
accurate generation of new 3D scenes. However, the ap-
proach exhibits undesired properties, such as almost deter-
ministic generation (convergence towards the mean image
corresponding to the prompt), low-quality shapes, or color
saturation of the generated shapes. To overcome this limita-
tion, HiFA [80] proposes a strategy to mitigate those effects
by using negative prompts and forcing realistic images by
emphasizing SDS steps with low levels of noise. Prolific-
Dreamer [75] instead proposes to learn a fine-tuned diffu-
sion model for the prompt, to avoid deterministic genera-
tion. Those approaches, however, require a conditional dif-
fusion model to work properly. Lukoianov et al. [44] pro-
poses DDIM inversion to follow the score to avoid wrong
gradient directions. However, the inversion process is ap-
proximate and can be slow.

Most methods presented here are designed for image
generation. As we will see in Sec. 4, their generalization to
the regularization of functional maps is not straightforward,
and we therefore propose to adapt the distillation strategy
for robust non-rigid shape matching.

3D Generative Modeling for Shape Matching. Gener-
ative modeling has proven to be a powerful tool for solv-
ing shape-matching tasks. In 3D-CODED [30], the authors
train a point-cloud auto-encoder on a large synthetic hu-
man dataset and register human scans in a zero-shot ap-
proach. The auto-encoder approach has been improved
with geometric regularization to avoid degenerated recon-
structions. Neural Jacobian Fields [1] improve the over-
all quality of reconstructions by predicting the Jacobian of
deformations instead of directly predicting the deformation
field, which implicitly regularizes the final shape. ARA-
PReg [34] learns a geometrically regularized latent space
by penalizing directions that increase the ARAP energy.
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This strategy has improved to learn correspondences on
unregistered datasets [78] but requires a two-step training
strategy. Finally, some works directly learn to generate
the matching of shapes, whether directly in the spatial do-
main [25, 50, 73] or in the spectral domain using deep func-
tional maps [32, 42]. In particular, deep functional meth-
ods have shown great success for intra-category training of
shape matching approaches [14, 15, 40, 66, 72]. A concur-
rent work [81] proposes to learn conditional distribution of
functional maps along with shape descriptors. All the works
mentioned above need training on specific categories before
being used at test time: a model trained on humans is use-
ful for registering other humans but often fails to generalize
well to different categories, such as animals.

We overcome this limitation by training an unconditional
diffusion model on the space of functional maps. We pro-
pose a novel distillation strategy adapted to the specific
problem of functional map regularization. Our approach
generalizes to new categories of shapes (e.g., animals).

3. Background & Motivation
3.1. Deep Functional Maps

The objective of deep functional maps is to learn shape de-
scriptors to compute high-quality correspondences on pairs
of shapes (S1,Ss), represented as triangular meshes. Let
n1, ng be their respective number of vertices. The pipeline
generally consists of the following steps:

» Compute the first k eigenfunctions of an intrinsic sur-
face operator — usually the Laplace-Beltrami operator —
on each shape, serving as a basis of functions on these
shapes. The Laplacian is discretized as S~'W, where S
is the diagonal matrix of mesh vertex areas, and W is the
cotangent weight matrix. The eigenfunctions are stored
as matrices in the form of ®; € R™*¥ and &4 € R™2*k,
A set of d descriptor functions (approximately preserved
by the unknown map) Fy, Fy = fp(S;) € Rmxd,
fo(S2) € R™2*? extracted using a neural network fj :
S — R?. After projecting them onto the respective eigen-
functions, the resulting descriptor coefficients are stored
as matrices A1, Ay € RF*9, respectively.

The functional map matrix C' between S7 and Ss is com-
puted by solving the following:

C = argmin ||CA; — A2||2 + 04||MregCH2, (1)
fe}

where the first term is a data preservation term between
descriptors, and the second term regularizes the map
structure by using a sparsity promoting mask M, de-
rived from Laplacian or Resolvent operator commutativ-
ity. The whole pipeline (Sy,S2) — C, also called FM-
Reg layer [20] is fully differentiable with respect to 6.

The weights € are optimized during training with ax-
iomatic regularization terms, like area preservation,
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Figure 2. Our diffusion-based zero-shot shape matching pipeline. Given two shapes, we distill a mask using the spectral diffusion denoiser
applied to the estimated “raw” functional map from features. We then use the distilled mask in a regularized functional map solver (FMReg)
and apply Zoomout [48] to obtain a proper, regularized map. We minimize both score distillation and L2 distance to the proper map.

which is formulated as an orthogonality penalty:
»Cortho(c) = HCCT - I||27 (2)

or other regularizations, such as orientation preservation.
e A test-time, we use the learned pipeline to extract C'.
Post-processing algorithms such as Zoomout can be used
to increase the accuracy of the map, before extracting
the point-to-point-map using the aligned eigenfunctions
®;CT and &, and nearest neighbor search or more accu-
rate techniques [53].
Orthogonality and commutativity penalties are essential to
ensure that the correspondences are plausible. We propose
to replace those axiomatic penalties in deep functional maps
with data-driven penalties by distilling priors from trained
spectral diffusion models in a zero-shot manner.

3.2. Score-based Generative Modeling

In this section, we follow the formalism of [37] to present
denoising score models. The general objective of genera-
tive modeling is to learn a distribution py () (where ) are
the learned parameters) corresponding to an (unknown) data
distribution using the available samples of this distribution.
Denoising score matching [35], and in particular, denoising
diffusion models, are a specific class of models that learn to
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model the score function, defined as:

s(z) = Vg logp(z), 3)

instead of the density p. This formulation overcomes
the problem of normalizing constants of the data density.
Knowing the score function is equivalent to knowing the
data distribution, as one can sample from it using Langevin
dynamics [55]. Since the score is unknown in parts of
the sample space without data, denoising score matching
learns the score functions sy(z,,0) = Vg, logq(xy, o)
at different noise scales [74], where =, = x + n,, with
ne ~ N(o,0%I). This is done by learning a denoiser net-
work Dy (z + ns, o) by minimizing the following loss:

El‘"’pdamEngNN(O,0'21)||D’¢ (1‘ + Ng, U) - IHZ, (4)

where the optimized parameters are the parameters 1/ of the
denoiser. We drop the denoiser parameters sign i to avoid
confusion with other learnable parameters, since for the rest
of the paper, the denoiser is considered as trained. After
training, new samples are generated by progressively de-
noising random samples, following a probability ordinary
differential equation [70]. Moreover, the score at noise level



o can be estimated using:

Vo, logp(zy;0) = (D(2,;0) — x)/0” (5)

Score Distillation Sampling. Score distillation sampling
(SDS) [57] is a generic way of transferring knowledge from
a diffusion model learned on a source domain 1, to regular-
ize or generate samples y in a target domain. It can be sum-
marized as follows: (1) obtain a trained denoiser D(z,, o),
with « € , the source domain, on which it is easy to train
the denoiser; (2) differentiably extract z = g(yy) from the
target to the source domain, where the representation yy of
samples in the target domain is optimizable, and g is a dif-
ferentiable mapping from the target to the source domain.
In the original work [57], the source domain is images, and
the target domain is 3D scenes. 3D scenes are parame-
terized using Neural Radiance Fields yy, and the function
g(ye) is simply the differentiable rendering of a novel view.

At each iteration, SDS consists in sampling x = g(yy) €
Q and perturbing the x with noise n, ~ A(0,0). Then,
SDS guides the target representation v by applying the fol-
lowing gradient to the parameters:

0
VoLsos = Eoapmnon (20 = Dias,0))/o)55. (6)

The gradient is not backpropagated through the denoiser as
it is costly and unstable due to the noising step. In prac-
tice, only a single denoising step is applied for better per-
formance.

3.3. Motivation

As we can generate training functional maps easily
(Sec. 4.1), our goal is to leverage the learned functional
maps distribution from score models, for the matching of
unseen shapes.

A first solution could be to learn a conditional distri-
bution by conditioning the functional map diffusion model
on point descriptors to generate the target map, as in re-
cent diffusion-based rigid shape-matching approaches [36].
However, the learned model would be category-specific, as
with classic deep functional maps methods.

A second solution could be to use the learned probability
likelihood of the score model [70] as a proxy for measur-
ing map quality. A similar idea, based on axiomatic con-
straints instead of learned penalties, has been explored in
MapTree [60]. However, such an approach outputs a set
of candidate maps, including symmetry-swapping maps,
as purely intrinsic approaches do not differentiate between
them. Moreover, evaluating the likelihood of a diffusion
model is costly due to the integration of the generation tra-
jectory.

A third potential solution is to adapt Score Distillation
Sampling to the deep functional maps setting. Indeed, the
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Figure 3. Comparison between vanilla SDS and our approach.
The same diagonal structure is encouraged between the two ap-
proaches. However, using our proposed mask allows for fixing
misalignments (sign flips in the functional maps, highlighted at
the bottom) of the initialization. In contrast, the vanilla SDS con-
verges towards the closest map with the same diagonal.

recent Shape-Non-Rigid Kinematics (SNK) [5] work has
shown that deep functional maps networks can be used in
a zero-shot setting. In this paper, the authors exploit Neu-
ral Correspondence Priors [4] to obtain good initializations
and optimize the map using spectral and spatial axiomatic
constraints.

We now discuss the adaptation of SDS to our problem.
Given two shapes S7, Sa, the source domain is shape corre-
spondences, represented as functional maps (Sec. 3.1). The
target domain is descriptor functions. The pointwise de-
scriptors of shapes F; are parameterized by a deep neural
network F; = fy(S;), from which we estimate the func-
tional map C7o with the FMReg layer [20]. In the SDS
notation, x is the functional map C, 6 corresponds to the
weights of the feature extractor, and g is the FMReg layer.

In Fig. 3, we perform a preliminary experiment with
SDS. Notably, the recovered map shows significant mis-
matches (left and right legs are reversed) compared to the
ground truth. We also observe that the structure promoted
by the approach is nearly diagonal, as commonly observed
in functional maps. The wrong signs along the diagonal
cause the observed inconsistencies. We argue that the sign
ambiguity of functional maps affects the performance (more
discussions in the first section of supp. material). To better
capture the underlying structure of the functional maps from
data, we adopt a sign-agnostic approach in the following
section.

4. Method

We first train a spectral diffusion model of functional maps
(Sec. 4.1). Second, we devise a zero-shot training approach
by distilling the knowledge learned by the trained model



(Sec. 4.2), and the pipeline is illustrated in Fig. 2.
4.1. Training

Given a dataset of registered shapes, our objective is to
train a spectral functional maps diffusion model D(C,, o).
Using the registered shapes, we first build a dataset of
ground-truth functional maps Cy. Given Si, S, two reg-
istered shapes, and ®;, ®, their respective eigenfunctions,
the ground-truth map between the two shapes is given by:

Cro—g = ‘I);‘I)h

where (-)T is the Moore-Penrose pseudoinverse. We extract
functional maps of fixed size n x n of template to shape
correspondences.

The extracted functional maps are thus matrices C' €
M, (R), which are analogous to images. We thus build
upon the available image-based architectures and use the
Diffusion Transformer architecture [56], which has shown
great capabilities for image generation.

Our spectral denoiser D,,(C,, o) takes as input a matrix
C, € M, (R) and noise level o. To be sign-agnostic, we
train a diffusion model on absolute functional maps, with
input training data as the set of |Cy| (Which is Cy with z —
|z| applied on each element).

4.2. Zero-shot shape matching

In this section, we are now given as input two unseen shapes
S1,S2. We aim to estimate the functional map C5 between
the two shapes. We use the deep functional maps frame-
work [20] to differentiably estimate the functional map Co,
from pointwise descriptors F; = fy(S;), parameterized by
neural network weights 6.

We optimize the parameters 6 by applying a distillation
loss to the functional maps. The remaining section dis-
cusses the construction of our distillation loss.

Mask regularization is a sign-agnostic regularization that
has proven essential in deep functional maps as it provides
reliable initialization towards the final solution [4]. In this
section, we seek to provide a masked regularization in the
form of Eq. (1). We search for sparsity-promoting masks

M, such that given a ground truth map C;, we have:
[|Mo - Cytl| =0 @)

It is equivalent to say that C'y; maximizes the likelihood

p(Cy;0) o exp(—|| M, - Cy||?). (8)
Under this hypothesis, the score function derives as:
5(Cy;0) = Vilogp(w : 0) = —2M?2 - C,. 9)
By using Equation (5), we obtain:
M?.C, = (Cy — D(Cy;0)) /202, (10)
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which reduces as the following formula for computing M,
(by taking the mean over the noise distribution):

M3 = E’HUNN(O,G'ZI) [(CU - D(Ca§ 0’))/(20200’” :
1D

Applying the formula directly would cause numerical in-
stabilities when dividing by C,, that can contain O values,
if arbitrary values of noise are sampled. We avoid this by
sampling only n, > 0, which ensures only positive values
when working with absolute functional maps |C|. The for-
mula for the mask is finally:

M3 =E,,nN(0,021),n,50 [(IClo = D(ICls30))/(20%(Cls)] . (12)

We can distill the learned structure from the spectral
diffusion model into a mask M, for different noise levels,
given any functional map matrix Ciyi;. We show in Fig. 4
the estimated masks for different noise levels. We can
incorporate this mask into the functional map computation:
(1) we estimate a “raw” functional map C},y based on the
input descriptors using Eq. (1) with « 0; (2) we then
estimate a mask M, from Ci,, and solve Eq. (1) with M,
to obtain a mask-regularized map Cieg.

Proper SDS Similarly to SDS, we do not backpropagate
through the mask optimization during optimization. More-
over, it has been shown that projecting the functional map
on the “proper” map space [0, 61] (space of maps computed
from a pointwise map) is necessary for convergence. We
apply Zoomout [48] to the regularized functional map Cieg
and obtain a proper regularized map Ciroper. We minimize
the Lo distance between the raw map and the proper map:

£proper(craw) = ||Craw - Cproper| ‘2’ (13)
where we only backpropagate to the feature extractor
weights through C,,,. Finally, we also apply SDS to the
absolute raw map. Thus, our total loss is :

Elotal(Craw) = £pr0per(Craw) + ESDS(|Craw|) (14)



Humans Humanoids Animals
Methods FAUST SCAPE SHREC19 DT4D-Intra DT4D-Inter SMAL TOSCA

< Ini + Zoomout (Laplacian) 3.8 7.5 13.1 1.8 16.5 18.3 8.1
§ Ini + Zoomout (Resolvent) 3.2 5.7 124 1.6 134 19.1 54
< Smooth shells [24] 2.5 4.7 12.2 / / 16.3 /
3 3D-CODED [30] 7.5 17.2 13.4 45.0 61.4 54.6 32.8
§ Neural Jacobian Fields [1] 59 11.7 9.6 43.4 32.8 49.2 50.2
N Simplified Fmaps [45] 1.7 23 34 2.0 89 42.1 5.1
E SNK [5] 1.8 4.7 5.8 2.0 9.0 9.1 3.6
; Ini + Zoomout (our mask) 2.4 6.6 8.3 2.1 11.7 12.9 8.3
N Ours 1.9 4.4 39 1.8 8.6 10.1 2.9

Table 1. Comparison of matching accuracy of axiomatic, learned, and zero-shot shape matching methods. The learning-based methods are
trained on human shapes from Dynamic FAUST. The lower the better.

Summary Given a pair of shapes, and a trained spectral
diffusion model, at test time we optimize a shape pointwise
feature extractor, F; = fp(S;). (1) Given features on the
two shapes, we first estimate a functional map C'}2, between
the shapes by solving Eq. (1) with a = 0. (2) We use this
map to distill a mask M, from the diffusion model, and
solve Eq. (1) a second time to obtain a regularized map Cé?g,
on which we apply Zoomout to obtain C;2 ... (3) This map,
along with the diffusion model, is used to compute Lo
(Eq. (14)). (4) The parameters fy of the feature extractor
are optimized through back-propagation. (5) We convert
the optimized functional map C'? to a point-to-point map
with the standard approach [51]. Note that our pipeline dif-
fers from previous deep functional maps approaches in that
we avoid axiomatic priors, such as Laplacian commutativ-
ity or orthogonality, both at mask estimation and training.
Instead, all of our regularization and objective terms, ex-
cept for the basic properness term, are derived solely from
available training data.

5. Experiments

5.1. Experimental Details

Functional Map Diffusion Model. We train our diffusion
model on 30 x 30 maps, using template-to-shape maps on
the D-FAUST dataset, for a total of ~ 40,000 maps. The
architecture is the DiT-S [56] Diffusion Transformer with a
patch size of 5. We train our model with EDM [37] for 1000
epochs with the variance preserving loss.

Zero-shot Optimization. We use DiffusionNet [68] as
our feature extractor. The estimated functional map size is
30x 30. We follow the zero-shot experimental settings from
SNK [5]. We set 0 = 1 for our distilled mask as we found
the best results from this specific value, with N = 100 noisy
samples, which can be done in a single batch denoising. It-
erating the process did not provide significant improvement.

5751

We apply Zoomout to increase the map size from 30 x 30
to 40 x 40 to compute Ly, oper-

5.2. Datasets and Comparison

Near-isometric Shape Matching. We first test the gen-
eralization of our approach on human data. Notably, we
test on the oriented versions of the remeshed FAUST [8],
SCAPE [3], and SHREC [47] datasets, on the usual test sets
from commonly used train/test splits.

Non-isometric Shape Matching. We then test our ap-
proach on unseen data types, namely humanoids and ani-
mals. For humanoids, we used the remeshed split of the Dy-
namicThings4D dataset (DT4D) [41], from which we use
the intra-category and inter-category test sets from [40]. For
animals, we tested our approach on the SMAL remeshed
dataset [21] and animal shape pairs from the TOSCA
dataset [13], as done in [72].

Baselines. We compare our method with axiomatic [24],
learned [1, 30, 45] and zero-shot [5] baselines. A detailed
description is provided in the supplementary material.

5.3. Results

We follow the Princeton benchmark evaluation proto-
col [38] and evaluate the accuracy of the maps using the
geodesic error of the computed correspondence. We present
the results on near isometric data on the left of Tab. 1. We
outperform both axiomatic and other zero-shot approaches
on this task. Notably, we are close to the state-of-the-art
deep functional map Simplified Fmaps approach [45]. Also,
our distilled mask provides, in general, a good quality ini-
tialization, competitive with other approaches, and outper-
forms the Laplacian and Resolvent masks (Ini + Zoomout).

The results on non-isometric data are in the right
of Tab. 1. Notably, our approach outperforms other ap-
proaches on the DT4D-Inter challenge and the TOSCA
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Figure 5. Texture transfer on different examples. We observe that deformation-based models such as 3D-CODED or Neural Jacobian Fields
struggle with challenging poses and fail to generalize to unseen meshes. In the meantime, the learned pointwise descriptors of Simplified
Fmaps generalize well to humanoids but struggle when confronted with new categories like animals. The SNK zero-shot approach can
match shapes from different categories but struggles with challenging poses. Our approach can infer qualitative shape correspondences on

each of those challenging examples.

dataset, including Simplified Fmaps. 3D-CODED and Neu-
ral Jacobian Fields, based on learned deformation models,
perform poorly on humanoids and animals, as the learned
deformations are category-specific. Moreover, Simplified
Fmaps fails on the SMAL dataset, suggesting that learned
descriptors do not generalize well to animals. We also out-
perform SNK on most datasets, and our distilled mask pro-
vides a better initialization than the traditional Laplacian
and resolvent masks (Ini + Zoomout).

5.4. Ablation study

We ablate the different components of our approach in Ta-
ble 2. As stated in Sec. 3.3, vanilla SDS fails to correct mis-
alignments and shows poor results. Using Ly,oper alone
is efficient but far from state-of-the-art performance. The
best is to combine Ly oper and Lgpg. Finally, we added
axiomatic penalties (orthogonal, bijectivity, and Laplacian
losses) to DiffuMatch. We find that the final accuracy is
nearly the same, indicating that our formulation already en-
compasses these axiomatic regularizations.

6. Limitations and future work

Despite the efficiency of our method, our method might
not handle well highly non-isometric shapes or partial
shapes [62], which is a known issue of functional map-
based methods [11, 12]. A potential direction to mitigate
this problem is to jointly learn the basis along with spec-
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Approach Geod Error (SHREC)
Vanilla SDS 57.3

Mask + Zoomout 8.3

‘Cp'roper 1.1

Mask + Lsps 7.1

Mask + Ly oper 6.7

Mask + Lyroper + Lsps (ours) 4.4

Ours + Axiomatic 4.3

Table 2. Ablation study of the different components of our ap-
proach

tral regularization. Moreover, our diffusion model is trained
only on human shapes with limited diversity. Using or gen-
erating more registered training data will be crucial towards
a unified model for functional maps.

7. Conclusion

In this work, we presented a functional map score gener-
ative model, trained on registered human shapes, to learn
the structure induced by the distribution of functional maps.
Based on our model, we proposed a novel functional map
penalty and a zero-shot training pipeline to match shape
pairs at test time. The results demonstrate state-of-the-
art results for zero-shot shape matching on diverse bench-
marks, including categories unseen during training. We be-
lieve our approach will serve as a first step towards founda-
tion models for shape matching.
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