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Abstract
This paper proposes an unsupervised intrinsic landmark detectionmethod that enhances non-rigid dense shape correspondence.
Our approach identifies intrinsic landmarks on near-isometric surfaces, enabling efficient and robust point-wise correspon-
dence. A key observation is that a small set of intrinsic landmarks is sufficient to reconstruct an isometric map, allowing for
effective shape matching. Our method eliminates the need for manually defined landmarks by leveraging intrinsic geometric
properties. Specifically, we compute the Karcher means of the surface and sequentially select the farthest points from these
medians. This provides a stable and repeatable landmark set, which can be used in various shape correspondence frameworks.
We evaluate our approach on multiple shape matching benchmarks and show that it consistently improves the accuracy of
existing correspondencemethodswithout requiringmodifications. The results demonstrate that ourmethod is computationally
efficient and can serve as a plug-and-play component in shape matching pipelines. Code is available at https://github.com/
ZHLRJ/Non-Rigid-Shape-Correspondence.

Keywords Intrinsic landmarks · Shape correspondence · Non-rigid shape matching

1 Introduction

Given a point on the first shape, how do we find a meaningful
correspondence on all other shapes? This “meaningful cor-
respondence” has also been termed registration, alignment,
or shape matching. Establishing correspondences provides
a valuable initial stage for a diverse array of applications,
including texture transfer, shape analysis, co-segmentation,
and exploration, just to name a few. To compute this cor-
respondence, one idea is to identify a set of meaningful
points on two shapes and then maximize the resemblance
between the descriptors associated with these points. With
the aid of rich local descriptors, the correspondence prob-
lem for 2D images is well solved. In contrast, constructing
stable and repeatable descriptors for plain, non-rigid 3D
shapes is highly challenging; even just identifying geometri-
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cally salient points with reliable descriptors is already quite
costly. Instead of using the original representation of a sur-
face, data-driven methods [23] learn descriptors to induce
a more accurate correspondence. However, these methods
are hindered by the scarcity of annotated 3D shapes and the
associated financial costs.

Identifying an isometric mapping between two shapes
is challenging due to the vastness of the potential map-
ping space. Ovsjanikov et al. [31] introduced a functional
map-based approach for non-rigid shape matching, which
leverages function correspondences to compute a mapping
that facilitates the transfer of real-valued functions between
shapes. This mapping is then converted into a point-to-point
correspondence. A key advantage of this approach is that
computations are performed on a predefined functional basis,
significantly reducing the dimensionality of the search space.
However, while functional map methods are both powerful
and efficient, they do not inherently distinguish amongmulti-
ple plausible solutions. In addition, the process of converting
a functional map into a point-to-point correspondence often
involves solving complex quadratic optimization problems.

Many shape matching algorithms [9, 14, 30] have shown
that a small number of correspondences are sufficient to
recover the full isometry. However, in practice, we often
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lack even a single known correspondence between shapes.
Motivated by this, we propose an efficient algorithm that: (1)
generates consistently ordered and salient landmark points,
(2) matches shapes undergoing near-isometric deformations,
and (3) computes dense shape correspondences efficiently.

While landmarks have been used to improve shape map-
ping in prior work, our goal is to achieve this without
data-driven fitting or user-specified inputs. Our algorithm
requires no manually registered datasets or predefined cor-
respondences.

In this paper, we present a geometry-based approach for
identifying consistent landmarks for shape correspondence.
Our method is built upon two key properties:

• We make no assumptions about the availability of input
data such as preregistered correspondences. Instead, our
approach relies purely on geometric processing: It takes
raw shape geometry as input and automatically generates
consistent landmarks.

• Our method is general and avoids making specific
assumptions about meshes. It can be applied broadly
across various shape correspondence algorithms, includ-
ing functional maps, heat kernel maps, and functional
map optimization and refinement methods. This makes
it a plug-and-play component for a wide range of shape
matching pipelines.

Given a pair of near-isometricmeshes, our algorithm auto-
matically generates an ordered set of landmarks to resolve
symmetry ambiguities. These consistent intrinsic landmarks
can be leveraged in various applications—from improving
correspondence accuracy in the functional map framework
to enhancing existing optimization methods. To be clear,
our method does not resolve ambiguities in perfectly sym-
metric shapes (e.g., spheres). However, it remains effective
on real-world datasets, where exact symmetries are rare.
We demonstrate the versatility of our approach across sev-
eral shape matching algorithms, including functional maps,
multiplicative operators, ICP (Iterative Closest Point), and
ZoomOut.

2 Related work

The literature on shape matching is extensive [5, 11, 45, 48].
In the following section, we review methods most relevant
to ours, focusing on techniques designed to compute dense
correspondences between non-rigid shapes or those that can
be adapted for this purpose.

Point-wise Methods. Early approaches to non-rigid shape
matching focused on directly establishing correspondences
between points on two shapes byminimizing an energy func-

tion, often based on approximate preservation of geodesic
distances [9, 14, 30, 39, 40, 46] or conformality (local angle
preservation) [1, 18, 22]. These methods are typically lim-
ited to hundreds of points due to high computational cost, a
limitation that persists even in recent formulations tackling
the quadratic assignment problem [12, 17, 27].

While not scalable to dense matching, these approaches
are appealing for their theoretical properties—most notably,
that a small number of landmarks can suffice to recover
the full isometric map [22, 30]. However, their reliance
on user-specified landmarks or training data limits practi-
cal applicability. In contrast, our method is fully automatic
and produces a consistent ordering of landmarks across sim-
ilar shapes without requiring any additional input, enhancing
downstream correspondence quality.

Functional Maps. Other techniques proposed for non-
rigid shape matching fall within the category of methods
rooted in the concept of functional maps [31], which has
been extended in several follow-upworks [19, 34–36]. These
methods significantly reduce the number of variables to opti-
mize by selecting truncated Laplacian eigenbases for the
function space defined on each shape and representing the
mapping as a matrix that signifies a change of basis. How-
ever, converting a functional map to a point-wise map can be
difficult and error-prone [13, 37]. These methods implicitly
impose restrictive assumptions, such as near isometry, on
the shapes being analyzed, and often encounter challenges
in practice, leading to low-quality outcomes and limited sur-
jectivity. Vestner et al. [49] proposed a filter to improve the
quality of the input mapping, and Huang and Ovsjanikov
[15] introduced adjoint regularization, both ensuring a bijec-
tive correspondence between the shapes. Nevertheless, the
application of these techniques is still limited as they rely on
handpicked initial matches for initialization and fail when
there are no annotated landmarks.

Descriptor Learning.The performance of functionalmaps
is heavily reliant on accurate descriptors and precise hyper-
parameter tuning [26]. In practice, constructing a stable and
repeatable descriptor is highly challenging. Dense, specific
dimensional descriptor fields on two shapes are typically
employed as corresponding functions. Examples include
GPS [38],Heat andWaveKernel Signatures (HKSandWKS)
[4, 44], SHOT [47], and geodesic distance descriptors [42].
Litman and Bronstein [24] introduced a data-driven spec-
tral descriptor model that generalizes the HKS and WKS.
Litany et al. [23] further improved descriptor quality by intro-
ducing a deep functional maps network (FMNet) for shape
correspondence, which takes base descriptors as input and
returns matches. FMNet refines the input descriptors bymin-
imizing a geometric loss, yielding soft correspondence. One
of the advantages of this supervised method [43] is its ver-
satility, capable of handling different shape discretizations.
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However, it has the inherent drawback of requiring train-
ing data. It is worth mentioning that, even though they are
termed “unsupervised methods” [3, 20], these approaches
are still fundamentally data-driven. Within the Ovsjanikov
et al. [30] framework, our method consistently enhances the
performance of the above models.

Iterative Map Refinement. Intrinsic symmetries, such as
left-to-right symmetry, can cause functional maps to yield
mixed results from multiple potential solutions. The Itera-
tive Closest Point in spectral embeddingwas employed in the
original functional maps approach [31] for post-processing,
effectively mapping vertices from the source shape to the tar-
get shape. Typically, the ambiguity arising from symmetry is
resolved using user-specified landmarks or training data [7].
However, this diminishes the practical utility of the ensuing
pipeline. ZoomOut [28] and subsequent works [16, 21, 36]
enhance results quality through the iterative updating of func-
tional and point-to-point maps. Nonetheless, these methods
face scalability issues with an increasing number of vertices;
for instance, BCICP [34] takes an average of 2min onmeshes
with 1, 000 vertices and exhausts memory around 30K ver-
tices. Absent external information, the intensive computation
required for basis precomputation, and iterative updating of
point-wise maps [26] render these methods impractical for
real-time applications.

3 Tool box

The core idea of our method is to improve dense shape
matching through ordered intrinsic landmarks, computed
automatically without any manual annotations. We first pro-
vide a concise overview of the key steps in computing
functional maps and their properties, and then describe a set
of fundamental building blocks that are integrated to form
the final algorithm in Sec. 4.

3.1 Notation

Given two shapes M and N , typically represented as triangle
meshes, let T : N → M be a bijective mapping between the
manifolds M and N . Given a function f defined on shape M ,
f : M → R, we can transfer f onto N through composition
using T , defining g = f ◦T . Here, g : N → R.WeuseW and
A to denote the cotangent weights and area matrices, respec-
tively, which collectively define the positive semi-definite
Laplace–Beltrami operator as L = A−1W . dM (x, y) repre-
sents the shortest geodesic distance between any two points
x, y ∈ M . T M denotes the tangent bundle of M , which is
the set of all tangent vectors.

3.2 Basic pipeline

Let M and N contain, respectively, nM and nN vertices. The
fundamental workflow for computing amap using functional
maps typically involves the following main steps, as outlined
in Chapter 2 of [32]:

1. We compute a fixed set of basis functions for shapes M
and N , storing them as columns in matrices �M and �N ,
respectively. These matrices are of sizes nM × kM and
nN × kN , where kM and kN are much smaller than nM
and nN , respectively.

2. We compute q descriptor functions on each shape and
project them onto the truncated Laplace–Beltrami basis
to obtain coefficient vectors f i and gi . These coefficients
form the columns of matrices F and G, of size kM × q
and kN × q, respectively.

3. Solving the functional map C via

argmin
C

‖CF − G‖2 + α‖�NC − C�M‖2, (1)

where�N and�M are the Laplace–Beltrami operators of
the two shapes, represented in their respective bases, and
α is a small scalar weight. In some models, the second
constraint is omitted.

4. Deriving a point-to-point correspondence from a given
functional map matrix C .

Although a small number of Laplace–Beltrami basis func-
tions can be used to represent each shape, the resulting linear
transformation matrix between the two function spaces is
only an approximation of the true map. However, acquir-
ing a continuous point-to-point map through this workflow
has been found to be both difficult and error-prone. In step
(3), factors such as descriptor preservation do not disam-
biguate different possible solutions due to the symmetries of
the shapes. It is worth noting that step (4) leads to difficult
quadratic optimization problems, making the framework less
practical for real-world use. For example, PMF [49] solves
an equation at each iteration to determine a bijection, involv-
ing high algorithmic complexity and also requires the shapes
to possess an identical number of vertices. BCICP runs out
of memory for meshes around 30K vertices and takes 1min
per shape pair with 600 vertices (Sect. 5.2 [25]). These two
challenges are closely related. One can accelerate the model
by obtaining a better C from step 3 and thereby reducing the
need for step 4.

Prior work has shown that only a few landmarks are suffi-
cient to recover a full isometricmap. Previousmethodologies
relied on external information, such as user-specified land-
marks. In this study, we leverage the intrinsic structure of
isometries between a pair of shapes. We show that under
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Fig. 1 The logarithmic map refers to a specific 2D parameterization
of a surface, relative to a chosen point x . A global logarithmic map
facilitates the translation of algorithms from the Euclidean space to
curved domains

near-isometric conditions, it is possible to identify signifi-
cant landmarks on both shapes.

3.3 Geometric medians

To compute ordered intrinsic landmarks, we rely on log and
exponential maps to define Karcher means, and on geodesic
distances as a core metric. While the previous section out-
lines the basic functional map framework, these geometric
tools are essential for our landmark strategy, enabling the
extraction of representative points that respect the intrinsic
structure of the shape. We consider several important imple-
mentations from geometry processing that are used in our
algorithm. To maintain a focused discourse, we restrict our
discussion to triangulated surfaces.

Logarithmic Map The logarithmic map is a special 2D
parameterization of a surface. At any point x on a smooth
surface M , the exponential map [41], denoted as expx (rv) :
TxM → M , provides the point y ∈ M reached by traversing
a geodesic in the direction v (a unit vector) for a distance r .
The logarithmicmap logx (y) is the inverse operationwhich is
summarized in Algorithm 1. Intuitively, we can imagine that
exp “wraps” the tangent plane around the surface. Logarith-
mic map provides a tool of “translation” for curved domains.
It enables us to easily compute an average of points on a sur-
face by mapping all points to the tangent plane using the log
map (Fig. 1).

Algorithm 1: Logarithmic Map
Input : A point x ∈ M and a zero direction H0 ∈ Tx M .
Output: A function (u, v) : M → R

2

1 Find the shortest geodesic R from x to target point y.
2 Compute the angle φ between H0 and R.
3 Construct expx (R) = y; equivalently, logx (y) = R.
4 Compute (u, v) = |R|(cosφ, sin φ) at point y.

Fig. 2 In the case of the Karcher mean, given a collection of points, we
can get the expected solution in just 2–3 steps; here, we show selected
points (orange) and the initial guess (purple)

Geometric Medians If we think of the points in the plane,
the average center of points can be easily calculated using the
Euclidean mean. However, for a curved surface, the average
of pointsmay not necessarily lie on the surface. Given a set of
points y1, . . . , yn ∈ M , any point that minimizes the energy
function can be considered a center.

E(x) := 1

2n

n∑

i=1

d(x, yi )
p. (2)

For p = 2, centers on the surface are calledKarchermeans
or Frechet means if unique. For p = 1, centers on surfaces
are known as geometric medians. Both geometric medians
and Karcher means can be efficiently computed via the log
map in two steps (as shown in Fig. 2), where τ > 0 is the
step size in Algorithm 2.

v ← 1

n

n∑

i=1

logxk (yi ), xk+1 ← expxk (τv). (3)

In general, an average on a surface is not unique; the result-
ing points may vary depending on the initialization.

Algorithm 2: Geometric Mean
Input : A set of points y1, . . . , yn ∈ M .
Output: A point m ∈ M

1 Random initial point mk from the set M .
2 while |v| < ε do
3 foreach yi ∈ {y1, ..., yn} do
4 Compute the logarithmic map at mk via Algorithm 1.
5 Update vector v += 1

n logmk (yi ).

6 Update mk+1 = expmk (τv), which represents moving
forward along the vector v from point mk for a time duration
of τ .

Geodesic Distances In our algorithm, we need to compute
geodesic distances between a large number of point pairs,

123



Unsupervised landmark discovery via Karcher means for non-rigid shape correspondence Page 5 of 14   105 

Fig. 3 Comparison of geodesic distance fields computed using Dijk-
stra, Fast Marching, and the Heat Method. The heat method, based on
solving linear elliptic PDEs, produces smoother distance isolines with
fewer numerical artifacts, especially on irregular meshes. According to
benchmarks by Crane et al. [10], the heat method achieves up to 68×
speedup over Fast Marching on large meshes (e.g., 1.45s vs. 98.1s on a
1.6M-triangle model) with comparable or better mean error

making it essential to adopt an accurate and efficient distance
computationmethod.Wecompare theheatmethodwithDijk-
stra and Fast Marching in Fig. 3 to highlight its advantages in
smoothness and efficiency, motivating its use in our pipeline.
We use heat kernel maps (HKM) to construct robust point-
wise descriptors that capture intrinsic geometric information
around each landmark. Specifically, for a given shape, we
compute the HKM at each selected landmark and treat these
as scalar functions defined over the surface. These functions
are then projected onto the Laplace–Beltrami eigenbasis to
obtain compact functional descriptors. When applied to a
pair of shapes, the descriptors derived from corresponding
landmarks are used to compute the functional map via least
squaresfitting.This integration allowsHKMto serve as a reli-
able bridge between intrinsic landmarks and the functional
representation, improving the consistency and accuracy of
the resulting correspondences.

4 Algorithm

We now have all the ingredients to implement our method
using the tools fromSec. 3.Unlikemany existing approaches,
our method is entirely unsupervised and does not require any
manual initialization or user-provided landmarks. Instead,
we rely solely on intrinsic geometric information to auto-
matically identify a consistent set of intrinsic landmarks.

In this section, we present our full unsupervised pipeline
for intrinsic landmark discovery and dense shape correspon-
dence. The process consists of three main steps: (1) compute
pair-wise geodesic distance maps using the heat method;
(2) extract intrinsic landmarks via robust geometric center
estimation (Sec. 4.1); and (3) use these landmarks to guide
downstream correspondence refinement (Sec. 4.2). We now
describe each component in detail.

4.1 Ordered landmarks

We refer to ordered landmarks as the selected points ranked
by their average geodesic distance from the set of Karcher
means. We now introduce our primary algorithm, the intrin-
sic landmarks method, which is summarized in Algorithm 3.
The basic idea is to first calculate a set ofKarchermeans from
various starting guesses. To obtain the landmarks, we com-
pute the average geodesic of all vertices relative to this set and
sort the list. In Fig. 4, we show the results of Karcher means
computation from different initializations, demonstrating the
consistency of the selected landmarks across a variety of
shapes.

Consider a surface where salient points have been identi-
fied and a Karcher meanm has been computed. For any set of
salient landmarks p1, p2, . . . , pk on surface M , the geodesic
distance between any two of these landmarks, represented as
d(pi , p j ). This value should be greater than or equal to the
maximum geodesic distance between any landmark and the
Karcher mean. This can be formulated as (Fig. 5):

d(pi , p j ) ≥ max d(pl ,m),m ∈ K . (4)

Let K denote the set of Karcher means on the surface M .
The hypothesis suggests that the Karcher mean serves as a
central reference, being closer to each salient point than any
pair of salient points are to each other. This hypothesis might
not be applicable to non-generic manifolds. The sphere is a
classic example of a non-generic manifold, for which coun-
terexamples are easily found. For instance, as shown in Fig.
2, the geodesic distance between two pointsmarked in orange
boxes could be less than the distance from any orange box
to the Karcher mean (depicted in turquoise). However, most
real-world shapes, such as human bodies, possess only reflec-
tional symmetry. Salient points on these shapes are typically
stable and reliable in practical applications, as demonstrated
in Fig. 6.

Let us first note that incorporating landmark constraints
into the functional map formulation does not alter its run-
time complexity, as it still reduces to solving a least squares
problem [34]. Although we do not provide a formal gener-
alization analysis for Eq. (4), we observe that our algorithm
consistently yields stable, ordered landmarks across various
shapes. This helps mitigate key factors affecting map quality,
all with negligible preprocessing overhead.

For instance, on a mesh with 7K vertices, generating 5
ordered landmarks using 10 Karcher mean samples takes
approximately 2.37 s for Karcher means computation and
0.015s for landmark selection. While few existing meth-
ods perform analogous preprocessing, our approach remains
lightweight and can be readily integrated into existing
pipelines—potentially improving correspondence accuracy
or accelerating convergence. Benefiting from the efficiency
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Fig. 4 We compute the Karcher means of the yellow points, which
were obtained from a substantial number of initial guesses (covering
over 90% of all vertices) and are indicated by the purple points. While
there can be more than one Karcher mean, we demonstrate here with

five center points. In some cases, iterations push the solution toward a
local minimum or yield only approximate averages. For human shapes,
however, the Karcher means are highly stable

Algorithm 3: Ordered Landmarks
Input : M, n � selected meshes, # landmarks
Output: L � Ordered landmarks

1 � initialization
2 K ← KarcherMean(M) � Algorithm 2
3 D ← EmptyList() � geodesic to m
4 foreach mean k ∈ K do
5 lk ← LogarithmicMap (k) � calculate logarithmic map
6 foreach vertex v ∈ M do
7 D[v]+ = lk [v]/n � vertex geodesic to mean

8 Sort(D) � descending order

9 � build landmarks
10 while #L < n and notEmpty(D) do
11 v ← Pop (D) � extract maximum geodesic point
12 if isEmpty (L) or d(v, l) ≥ D[v] ∀l ∈ L � Eq. (4)
13 then
14 L.append (v)

15 return L

of the heat method, our approach remains lightweight
and readily integrates into existing pipelines—potentially
improving correspondence accuracy or accelerating conver-
gence. Even on a mesh with 100K vertices, computing a
single Karcher mean takes only 1.13 s, confirming the scala-
bility of our method. Compared to prior optimization-based
pipelines that require user-specified landmarks or extensive
learning-based training, our method offers a significantly
faster and fully automated alternative. In practice, we set
the number of landmarks n to a small value (typically 3 to
5), which balances coverage and stability across shapes.

On meshes containing approximately 30K vertices, the
computation of the Karcher means can become relatively
slow, often taking more than 60s. In these cases, it may be
advisable to initialize the Karcher mean with a smaller set
of points. Nonetheless, the efficiency of landmark genera-
tion remains unaffected because the LogarithmicMap is only

Fig. 5 Selecting the vertices with the greatest geodesic distance from
the set of Karcher means, shown in light blue, while also verifying if the
point satisfies Eq. (4). In the image, the large purple sphere represents
the set of Karcher means. Although the gray points have large geodesic
distances to the Karcher mean, they are too close to existing landmarks
and thus not selected. The primary landmarks are highlighted in red
(visible in the zoomed-out view)

applied to a select set of landmarks, which guarantees quick
processing.

While this mechanism already performs quite effectively,
we can enhance both robustness and accuracy by adjusting
the vertex density according to the geometry of the input
mesh. The basic idea is to construct an alternative Karcher
mean energy for the same piecewise Euclidean surfacewhich
leads to better average points for subsequent operations. In
this case, we can define a central energy.

E(x) := 1

2n

n∑

i=1

ρ(yi )d(x, yi )
p. (5)
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Fig. 6 Our algorithm efficiently
provides consistent ordered
landmarks, facilitating the most
shape correspondence algorithm

Fig. 7 We subdivided a section of the mesh and compared our method
under various scenarios. Our approach demonstrates insensitivity to
input triangulation, ensuring that the landmarks remain robust against
non-uniformvertex density. The red color represents areas of highvertex
density (small vertex dual area). The light blue spheres indicate the
Karcher means computed from the input mesh

The only modification to the algorithm involves taking
a weighted average across all vertices, where ρ(yi ) > 0
denotes the density at each vertex. In our implementation,
the weights ρ(yi ) are derived from the vertex dual areas, and
they are normalized implicitly during the update step.We use
a fixed initial step size τ = 1.0 and a convergence threshold
based on local face size (1/3 of the face scale). To ensure
stability across different initializations, we run Algorithm 2
multiple times (typically 10) with different random seeds and
retain the resulting set of stable Karcher means. This strat-
egy improves robustness and reduces the influence of local
minima. In Fig. 7, we construct a stress test by employing
an extremely uneven triangulation. Despite these conditions,
our algorithm capitalizes on the advantages of area-weighted
geodesics to derive more robust landmarks.

4.2 Correspondence augmentation

Previous algorithms that address symmetry ambiguity typ-
ically depend on user-specified landmarks or incorporate
additional optimization constraints, such as multiplicative
operators [29] or orientation-preserving operators [34]. In
contrast, our method relies solely on geometric processing
to generate ordered landmarks. Our algorithm operates in
two distinct stages: Initially, it establishes a select number
of landmark correspondences using Algorithm 3, and then,
it extends these to a dense map encompassing the entire
shape. The heat kernel map theory posits that even a sin-
gle correspondence can be adequate for isometry recovery,
as detailed in Theorem 3.1 of [30]. Furthermore, our algo-
rithm’s provision of multiple correspondences significantly
bolsters stability.

Perhaps the most closely related work to our method
is the study by Ovsjanikov et al [30]. They demonstrated
that a single correspondence can be utilized to reconstruct
an isometry defined across entire shapes [30]. The original
heat kernel map utilizes a related, but fundamentally dif-
ferent technique from our algorithm: The former requires
user-specified landmarks, while the latter automatically gen-
erates ordered landmarks.

To begin with, it is important to remember that the heat
kernel map associated with any point x in M and a predeter-
mined source point p is defined as follows:

�M
p : M → F, �M

p (x) = kMt (p, x), (6)

where F is the space of functions. Essentially, the heat ker-
nel kMt (p, x) gauges the heat transfer from point p to point
x over time t . It is noteworthy that the source point p can
be any point on the manifold M . For each point x in M , we
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discretize kMt (p, x) into a collection of time samples {t j }.
Consequently, for every point, we compute a vector of size
J = |{t j }|, where the j th component is kMt j (p, x). Anal-

ogously, for y in N , we calculate kMt j (q, y). Subsequently,
we evaluate the correspondence by computing the squared
distances between the heat kernel maps:

E(p, qi ) =
∑

x∈M
min
y∈N ||�M

p (x) − �N
qi (y)||2. (7)

We now understand that certain landmarks
p = {p1, p2, . . . , pk} ∈ M correspond to landmarks q =
{q1, q2, . . . , qk} ∈ N . For the landmark correspondence
(pk, qk), we can allocate to each point x a combined heat
kernel map, where the additional J coordinates represent
kMt j (p, x). In practice, we incorporate each correspondence
(pk, qk) by minimizing the combined error:

f (x) = argmin
y∈N ‖�M

p (x) − �N
q (y)‖. (8)

Although the heat kernel map introduces additional coor-
dinates, all the resulting quantities remain commensurable
[33]. Consequently, we can employ the same distance metric
for their comparison.

5 Results

We have implemented the proposed algorithms in C++. We
first detail the competingmethods and their implementations.
Subsequently, we describe the datasets used and present a
series of both quantitative and qualitative evaluations. We
demonstrate the efficacy of intrinsic landmarks across a
diverse array of shapes and illustrate how our approach sig-
nificantly enhances the performance of other algorithms.

Description of competing algorithms We conduct a com-
parative analysis of our method, termed Intrinsic Landmarks
Correspondence (ILC), against various competing algo-
rithms.

• ICP: Uses ICP (Iterative Closest Point) to refine soft
correspondences, following the approach outlined in the
original functional maps framework [31].

• ZoomOut [26, 28]: Improves mappings or correspon-
dences by iteratively upsampling in the spectral domain
within the functional map framework.

• Multiplicative Operator Commutativity [29]: Views
descriptors as linear operators that act on functions
via multiplication, incorporating descriptor preserva-
tion constraints formulated via commutativity with the
unknown map.

• symmOP + BCICP [34]: Improves the basic ICP by for-
mulating orientation preservation in the spectral domain,

enhancing performance in both the spatial and spectral
domains.

• (WKS/HKS) [4, 44] Initialization: Employs the basic
functional map framework with multiplicative opera-
tors to compute initial soft correspondences, employing
region-based correspondences computed by an auto-
mated algorithm as descriptors.

Datasets We utilize various standard datasets to compare
the different techniques: FAUST, TOSCA, and SCAPE.

• FAUST: The dataset [6] comprises 300 triangulated
meshes of 10 distinct subjects, with each subject scanned
in 30 different poses.

• TOSCA: The TOSCA dataset [8] consists of 80 meshes
categorized into nine groups. Each category comprises
objects with shared triangulation and an equal number of
vertices, numbered compatibly.

• SCAPE [2]: comprises human shapes only. The datasets
contains 71 registered meshes of a particular person in
different poses.

MetricsWeassess variousmethods using standardmetrics
for dense shape correspondence [34]. Ground truth corre-
spondences are provided in each dataset. To evaluate the
continuity of the dense map T : N → M , we compute the
geodesic distance between T (x) and T ∗(x) for all x ∈ N ,
where T ∗ represents the ground truth map.

We first demonstrate a correspondence augmentation
that seamlessly integrates into the basic functional map
pipeline, as depicted in Eq. (1). In Fig. 8, we utilized 35
eigenvectors to compute the HKS descriptors for initializ-
ing a functional map. The term +Commutative refers to

adding the term wd−comm
∑

i ‖C	i
1 − 	i

2C‖2 [29], while
+symmOP denotes the addition of the symmetric opera-

tor worient
∑

i ‖C
i
1 − 
i

2C‖2 [34] to the basic pipeline.
+I LC indicates the inclusion of our five landmarks as men-
tioned in Sec. 4.2. Here, the multiplicative operators 	i

1 and
	i
2, as well as the orientation-preserving operators 
i

1 and

i

2, are associated with the i
th descriptors. Incorporating the

proposed landmarks results in a significant improvement in
all three cases.

In addition, we evaluate the utility of our method to
enhance various refinement techniques, as discussed. We
compare our method to the following:

ICP: We apply ICP to a functional map of dimensions
35 × 35, estimated using the same pipeline adopted for the
initial map.

ZoomOut:We refine the initial functionalmap and upsam-
ple this map with a step size of 1.

From the results in Fig. 9, it is evident that the intrin-
sic landmark operators are highly beneficial. Our approach
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Fig. 8 Comparison of dense
correspondence results with and
without intrinsic landmarks. The
two shapes in the leftmost
column serve as the source
reference for color transfer. The
top row shows the results
without using intrinsic
landmarks across three
functional map frameworks
(fMap, + Commutative, +
symmOp), where the black
arrows highlight significant
mapping errors. The bottom row
shows the corresponding results
enhanced with our intrinsic
landmark constraints (indicated
by red “+ IL”), leading to
consistently improved
correspondences across all
methods

Fig. 9 Qualitative comparison on the TOSCA dataset. The leftmost
shapes are the source and target meshes, with two identified intrinsic
landmarks indicated by red and purple spheres. The top row shows the
correspondence results from ICP and ZoomOut without using intrinsic
landmarks, while the bottom row shows the results with our intrin-

sic landmark constraint (denoted by red “+ IL”). Black arrows highlight
areas where the original methods produce visible misalignments, which
are corrected by our method. Our approach improves the accuracy of
correspondences with minimal preprocessing time (<2s) and captures
finer structural details
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Table 1 Quantitative assessment of refinement in shape matching

Method Average error (×10−3) Average runtime (s)

Init 67.5 –

PMF [49] 25.9 311.2

ICP [31] 54.4 12.2

BCICP [34] 22.3 113.5

ZO [28] 20.1 87.4

Scalable ZO [26] 21.7 16.3

Ours + ICP 47.3 14.3

Ours + BCICP 19.2 115.2

Ours+ ZO 18.5 89.3

Ours+ Scalable ZO 20.9 18.9

Beginningwith a computed20×20 functionalmap.Thedatasets include
190 FAUST pairs and SCAPE
Significance of bold values denote the lowest average error achieved by
our method in comparison with the reference methods

not only achieves quality improvements compared to all raw
methods but is also significantly faster. In Fig. 9 and 8, arrows
highlight regions where our intrinsic landmark augmentation
improves the dense correspondence, especially in symmetric
or highly articulated areas.

Many shape refinement methods exhibit poor scalability
with the number of vertices. As discussed in Sec. 4.2, the
additional landmarks introduced in our method incur nearly
negligible computational cost. The main advantage of our
approach becomes evident when combined with other corre-
spondence frameworks, as mentioned. Since our algorithm
does not entail model training or n-dimensional matrices, its
runtime scales linearly with the original number of randomly
selected vertices.

Table 1 reports the average error and runtime. Our method
achieves a 13.1%, 16.1%, 8.0%, and 3.7% improvement in
accuracy over the state of the artwhile incurring only a couple
of seconds in computational cost. Furthermore, our method
demonstrates greater versatility, enabling seamless integra-
tion into several existing frameworks, in contrast to typical
algorithms. In Fig. 10, we present the results of the ICP and
ZoomOut methods both with and without our augmentation.
It is noteworthy that both methods exhibit improvements
when our intrinsic landmarks are applied.

5.1 Ablation study

In this section, we evaluate the robustness and generaliza-
tion ability of our method under challenging conditions. We
first demonstrate that our approach is resilient to changes in
mesh connectivity by testing on remeshed datasets. Then,
we present representative failure cases to highlight the limi-
tations of our pipeline in practical scenarios with incomplete
or partially matching landmarks.

Fig. 10 Evaluation onDynamic FAUSTusing geodesic errormeasures.
Wepresent ICP andZoomOut predictions both before and after applying
our augmentation. The initialization parameters are set to wd−comm =
0.1 and worient = 0.1

To further evaluate the robustness of our method under
varying mesh connectivity, we conduct experiments on the
FAUST remeshed dataset [34], where the source and target
meshes have same geometry but significantly different tri-
angulations. As shown in Fig. 11, our method consistently
identifies semantically meaningful landmarks across differ-
ently meshed surfaces. This result highlights the sampling
and resolution agnosticism of our pipeline, and demonstrates
its reliability in real-world scenarios where mesh quality and
connectivity may vary substantially.

Table 2 shows the failure rate of our method. A pair is
considered a failure if its result is worse than that of ICP
or ZoomOut with WKS initialization. Most failures occur in
partial matching scenarios, where missing regions alter the
geodesic structure.

Figure 12 illustrates a representative failure case where
the left and right feet are incorrectly matched. Although the
shapes are complete, the lack of strong extrinsic cues causes
the intrinsic landmarks to become symmetrically ambiguous,
matching the left foot to the right. This semantic confusion
introduces localized distortion. While such ambiguity leads
to a 10–20%drop in accuracy, ourmethod still performs com-
parably or better than baselines without intrinsic landmarks,
though it does not match the best-case results achievable
under unambiguous geometry.

Limitations and future work
Although our method achieves high-quality results, it has

several limitations that we aim to address in future work.
First, while intrinsic landmarks often improve correspon-
dence, we cannot guarantee that their inclusion benefits
all models. For example, in our experiments with fMap
(+ILC), enforcing bijectivity near specific points occasion-
ally degrades performance elsewhere. Extending the current
pipeline to provide localized guidance without introduc-
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Fig. 11 Our approach produces stable and consistent landmark place-
ment across remeshed surfaces (right), demonstrating sampling and
resolution agnosticism. This robustness enables reliable shape match-
ing across a wide range of mesh representations, including those with
significantly different vertex counts

ing such side effects remains an open challenge. Second,
our method is not directly applicable to partial shape cor-
respondence, as topological differences significantly affect
geodesic distances. Thirdly, our method is designed for
shapes with approximately preserved intrinsic geometry and
is not intended for cross-category landmark discovery, where
semantic correspondences are often ill-defined. In future
work,we plan to extend our approach to handle partial inputs,
enabling more flexible and robust shape matching across a
broader range of scenarios.

6 Conclusion

We presented an unsupervised method for computing dense
correspondences between non-rigid shapes via automatically
generated intrinsic landmarks. Our approach computes a
sequence of Karcher means and selects geodesically dis-
tributed points to construct an ordered set of landmarks,

Table 2 Failure Rate

Dataset Compare to ICP + ZoomOut (%)

Dynamic FAUST 8.75

TOSCA 13.19

SCAPE 7.97

The table shows the percentage of shape pairs where our method per-
forms worse than ICP or ZoomOut
Bold values indicate cases where our method outperforms the corre-
sponding baseline methods in terms of average error

Fig. 12 Failure case under partial matching. The intrinsic landmarks
on the feet are mismatched, resulting in incorrect correspondences

without requiring any user input or supervision. Built upon
the functional map framework of Ovsjanikov et al [30],
our method integrates seamlessly into existing pipelines
and improves correspondence accuracy with negligible addi-
tional cost (2–3s). The core insight is that a small set of
well-ordered intrinsic landmarks can effectively guide dense
matching by leveraging only geometric information. Our
method demonstrates strong compatibility with a range of
existing shape correspondence algorithms and achieves con-
sistent improvements across benchmarks, highlighting its
generalization ability across datasets and pipelines.
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