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Figure 1: Illustration of the maximal resolution (in terms of number of triangles →) of geometrically consistent 3D shape matching methods

(i.e. methods that preserve local neighbourhood relations of surface elements) within a time budget of 1.5 hours (method marked with → runs
on GPU and reached memory limits at shown resolution). Our approach scales almost an order of magnitude better than the previous best
method [RB25] and with that bridges the gap to practically relevant resolutions. From the zoomed-in parts, we can see that high-resolution
meshes are necessary to faithfully capture geometry of 3D shapes.

Abstract

3D shape matching plays a fundamental role in applications such as texture transfer and 3D animation. A key require-
ment for many scenarios is that matchings exhibit geometric consistency, which ensures that matchings preserve neighbour-
hood relations across shapes. Despite the importance of geometric consistency, few existing methods explicitly address it,
and those that do are either local optimisation methods requiring accurate initialisation, or are severely limited in terms
of shape resolution, handling shapes with only up to 3,000 triangles. In this work, we present a scalable approach for ge-
ometrically consistent 3D shape matching that, for the first time, scales to high-resolution meshes with up to 10,000 tri-
angles. Our method follows a two-stage procedure: (i) we compute a globally optimal and geometrically consistent map-
ping of surface patches on the source shape to the target shape via a novel integer linear programming formulation. (ii)
we find geometrically consistent matchings of corresponding surface patches which respect correspondences of boundaries
of patches obtained from stage (i). With this, we obtain dense, smooth, and guaranteed geometrically consistent correspon-
dences between high-resolution shapes. Empirical evaluations demonstrate that our method is scalable and produces high-
quality, geometrically consistent correspondences across a wide range of challenging shapes. Our code is publicly available:
https://github.com/NafieAmrani/SuPa-Match.
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1. Introduction

The problem of 3D shape matching — finding correspondences
between two non-rigidly deformed 3D surfaces — is central to
a wide range of visual computing applications, including 3D re-
construction, shape interpolation, statistical shape modelling, and
texture transfer. A crucial property for meaningful and smooth
correspondences is geometric consistency, i.e. the preservation
of local neighbourhood relations between matched surface ele-
ments (see also Definition 5). In discrete settings, such as trian-
gle meshes, this notion parallels diffeomorphisms in the contin-
uous domain [WSSC11a] and ensures that neighbouring regions
on one shape are mapped to neighbouring regions on the other.
This property is essential for robust regularisation of an other-
wise (potentially) ill-posed problem, to achieve smoothness, and
to obtain plausible correspondences for diverse downstream tasks.
However, most existing shape matching methods ignore geomet-
ric consistency. This in particular includes machine learning ap-
proaches for which enforcing respective constraints is extremely
challenging [DSO20; RSO19; CRB23; BXNL24]. Methods that
do incorporate geometric consistency, either require accurate ini-
tialisation [SAPH04; SHCB11; SCBK20; Tak22; SPK23; EB17;
VLR*17; EHA*19], consider a weaker notion of geometric consis-
tency [RB24; REC*25], are limited to low-resolution shapes (see
Table 1), or build on local optimisation within a coarse-to-fine-
scheme [WSSC11b; RAC*24]. Especially, coarse-to-fine schemes
without optimality guarantees can lead to arbitrarily bad matchings
since “wrong" matchings on a coarse stage often cannot be im-
proved on finer stages. In addition, low-resolution shapes cannot
capture all geometric details (cf. also Fig. 1) which makes low-
resolution matchings unsuitable for downstream tasks as e.g. tex-
ture transfer (which requires dense matching on high-resolution
shapes). Consequently, there is a need for scalable, globally opti-
mal and geometrically consistent 3D shape matching approach that
can be applied to practically relevant, high-resolution shapes.

In this work, we address this gap by proposing a novel two-
stage algorithm for geometrically consistent matching between two
non-rigidly deformed 3D shapes that is capable of handling high-
resolution shapes with up to 10,000 triangles. In particular, each
stage of our approach computes matchings directly on the high-
est resolution, so that it does not suffer from potential discretisa-
tion artefacts, while at the same time achieving global optimality
for each stage. With that, our two-stage approach remains scalable
w.r.t. to runtime and memory requirements (compared to single-
stage approaches) while (empirically) producing accurate results.
In the first stage, we find a globally optimal and geometrically con-
sistent matching between patches (defined on the high-resolution
source shape) and the high-resolution target shape. We empha-
sise that we only need to define patches on the source shape,
which are then consistently transferred to the target shape using
our framework. In the second stage, we find a geometrically con-
sistent matching of the corresponding patches on both shapes, so
that overall we obtain a dense surface map between both shapes.
We summarise our contributions as follows:

• We propose a geometrically consistent 3D shape matching algo-
rithm that, for the first time, scales to practically relevant resolu-
tions (up to 10,000 triangles).

Method Globally Max. Resolution→

Optimal (Number of →)

Windheuser et al.[WSSC11a] ✁ ↑ 250
SM-Comb [RSCB22] ✁ ↑ 1,000
DiscoMatch [RAC*24] ✁ ↑ 750 (GPU OOM)
SpiderMatch [RB24] ✂ ↑ 3,500 (weak geo. cons.)
GeCo [RB25] ✂ ↑ 3,000
Ours ✂ ↑ 10,000

Table 1: Comparison of geometrically consistent shape matching
methods (→with 1.5 hours time budget, cf. also Fig. 6). We empha-
sise that SpiderMatch [RB24] only poses a weaker form of geomet-
ric consistency compared to the other methods.

• To this end, we propose a formalism to find a globally optimal
matching of a set of patches (defined on the source shape) to the
target shapes, allowing us to consistently transfer patches from
source to target shape.

• Our empirical evaluation shows that our approach is substan-
tially better scalable compared to existing geometrically consis-
tent approaches.

2. Related Work

In this section, we summarise the most relevant shape match-
ing approaches to our work. For a detailed review of the shape
matching literature, we refer to survey papers [VZHC11; TCL*12;
DYDZ22].

2.1. Shape Matching

A wide range of axiomatic shape matching approaches have
been proposed in the literature, including methods based on
heat kernels [OMMG10], diffusion distances [BBK*10], game-
theory [RBA*12], consensus maximisation [PPCG19], and convex
relaxations [CK15; MDK*16]. Other approaches tackle the shape
matching problem by finding correspondences between sets of
keypoints using mixed integer programming formalisms [BST20;
GRE*23]. A particularly influential line of work is the func-
tional maps framework [OBS*12; MDK*16; GCR*17; MRR*19;
ELC20; RMWO21], which formulates the matching problem in
the spectral domain and allows for efficient computation of dense
point-to-point maps. Building on this framework, many deep
learning-based methods have been developed, either trained in a su-
pervised [LRR*17; WEH20; LLHL20; GFK*18; TCM*21] or un-
supervised setting [HLR*19; SACO22; DCO22; LDO22; CRB23;
AO23; DMM24; BXNL24], leading to remarkable performance
in terms of matching accuracy. However, commonly most shape
matching approaches do not explicitly enforce geometric consis-
tency. As a result, even highly accurate matchings may violate local
neighbourhood preservation and may thus not be reliable in down-
stream applications, such as texture transfer or statistical shape
analysis. In contrast, our approach incorporates geometric consis-
tency directly into the optimisation using explicit constraints within
an integer linear programming formalism, ensuring that neighbour-
hoods are preserved enforcing that resulting matchings are smooth.

© 2025 The Author(s).
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2.2. Geometrically Consistent Shape Matching

Geometric consistency is crucial for producing smooth corre-
spondences between shapes, as it ensures the preservation of lo-
cal neighbourhood relations. Despite its importance, many shape
matching methods overlook geometric consistency due to the in-
herent complexity of the resulting optimisation problems. A classi-
cal example is the quadratic assignment problem (QAP), which is
known to be NP-hard [RPW94], and thus typically addressed using
continuous relaxations [DML17; BK17; KMDL19] or heuristic op-
timisation techniques [SPKS16; HLC20; BLG*21; HHF*21]. An-
other family of approaches achieves geometric consistency by us-
ing continuos shape parametrisations and local optimisation tech-
niques. Yet, these methods strongly depend on reliable initialisation
— either from a sparse set of landmark correspondences [SAPH04;
SHCB11; SCBK20; Tak22; SPK23], or from dense correspon-
dences [EB17; VLR*17; EHA*19]. In contrast, several shape
matching problems in the 2D-2D or 2D-3D settings can be solved
efficiently to global optimality while enforcing geometric consis-
tency using shortest path-based approaches. For instance, dynamic
time warping [SK83] allows for matching open contours while
closed contours can be matched through graph cuts in product
graphs [STC09]. Shortest-paths can also be used for model-based
image segmentation [CYES00; Fel05; SC09], while similar for-
malisms have also been successfully applied to matching 2D con-
tours to 3D shapes [LRS*16; RLB23; PRLB25; REC*25]. Geomet-
rically consistent matching of 3D shapes in the discrete domain has
been tackled through integer linear programming (ILP) formalism,
where correspondences are defined between triangles [WSSC11a;
WSSC11b]. Building on this formalism, heuristic solvers both on
CPU [RSCB22] and on GPU [RAC*24] have been proposed. Other
works extend the formalism [WSSC11a] to partial shape matching
for the inputs with open boundaries [ERE*24] and unknown over-
lap [EGR*24]. An alternative was introduced in [RB24], where the
surface of the source shape is represented using a self-intersecting,
closed curve embedded in 3D space. Here, geometric consistency
is enforced by maintaining intersection points of the curve when
matching the curve. Building on this idea, a new formalism was
recently proposed in [RB25], which represents each individual tri-
angle of a shape as a cyclic curve and constructs a hyper product
graph by coupling these cycles along opposite edges. This enables
global geometric consistency across the entire surface. We build
on this idea and propose a two-stage matching pipeline. In the first
stage, we compute geometrically consistent matchings of patches
on the source shape while ensuring that their corresponding patches
(which are induced by the matching) remain manifold on the target
shape. In the second stage, we use [RB25] while incorporating ad-
ditional boundary constraints from matchings computed with our
first stage.

2.3. Scalable Shape Matching

The number of variables of shape matching problems grows
quadratically with the number of surface elements, since each point
on the source shape can in principle be matched to every point on
the target shape. This quadratic growth poses a major challenge for
scalability, particularly in high-resolution settings. To mitigate this
issue, several strategies have been proposed to make shape match-

ing more scalable. One class of approaches involves hierarchical
matching frameworks, which incrementally refine coarse match-
ings across multiple resolutions. Such methods have been devel-
oped based on heat kernel signatures [VBG10] and for the func-
tional maps framework [SVB19; NH22]. Other works aim to im-
prove the scalability of functional map-based pipelines by subsam-
pling the input shape, i.e. selecting a sparse set of points on high-
resolution meshes to reduce computational cost [MO23]. Similarly,
the widely used ZoomOut algorithm [MRR*19] has been adapted
for GPU architectures, with memory-efficient modifications intro-
duced to further enhance its scalability [MO24]. Additional ad-
vancements leverage intrinsic triangulations to perform down- and
upsampling within the functional maps pipeline [MBRM24]. While
these methods have made significant progress in handling large
meshes, geometrically consistent shape matching remains partic-
ularly challenging in this context. This is due to additional geo-
metric consistency constraints often leading to large integer lin-
ear programs which are generally only solvable in exponential
time [WSSC11a; RB24; RB25]. As a result, most existing geomet-
rically consistent methods are limited to low-resolution shapes with
fewer than 3,000 triangles. To scale beyond this, some methods em-
ploy coarse-to-fine strategies that first solve the problem using low-
resolution shapes and then propagate the solution to higher resolu-
tion shapes [WSSC11b; RAC*24]. However, such approaches of-
ten suffer from discretisation artefacts, which is particularly promi-
nent at low resolutions. In contrast, our method supports matching
at much higher resolutions (up to 10,000 triangles) without requir-
ing any coarse-to-fine strategies. Both stages of our proposed ap-
proach operate directly on high-resolution shapes, which allows us
to avoid severe discretisation artefacts.

3. Background

In this section, we discuss graph-based shape representations rele-
vant for our method, define geometric consistency and explain the
concept of cyclic product graphs [LRS*16].

3.1. Shape Representation

In our work, we aim to find a geometrically consistent matching
between two non-rigidly deformed, manifold surface shapes em-
bedded in 3D space. To this end, we consider the directed graphs
induced by the triangle meshes of the shapes.

Definition 1 (Directed Graph) A directed graph G is defined as
a tuple (VG ,EG) of vertices VG and oriented edges EG ↓ VG ↔VG
(i.e. oriented edge (v, v̄)↗ EG does not imply that the opposite edge
↘(v, v̄) := (v̄,v) ↗ EG ).

Definition 2 (3D Shape) A 3D shape X is a directed graph
(VX ,EX ) with vertices VX and oriented edges EX ↓ VX ↔VX ,
such that X induces an oriented triangle mesh and consequently X
forms an orientable continuous 2D manifold (possibly with bound-
ary BX := {e | e ↗ EX ;↘e /↗ EX }) embedded in 3D space.

Furthermore, we consider patches defined on the surface of the
respective shapes, i.e. subgraphs of the directed graph of a shape.
For an illustration of patches, see also Fig. 2.

© 2025 The Author(s).
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Figure 2: Illustrations of patches which tile the surface of respec-
tive 3D shapes. All patches together cover the whole surface of the
shape and each individual patch has a single boundary. See Sec-
tion 5.1 on how we extract patches.

Definition 3 (Surface Patch) A surface patch S of a shape X is a
directed graph S = (VS ,ES) with vertices VS ↓ VX and oriented
edges ES ↓ EX which (i) induces a manifold 2D surface embedded
in 3D space and (ii) has a single boundary BS := {e | e ↗ ES ;↘e /↗
ES}.

For our matching formalism, we are especially interested in
matching cyclic chain graphs representing the boundaries of sur-
face elements of the source shape (e.g. a triangle or a patch) to the
target shape.

Definition 4 (Cyclic Chain Graph) A cyclic chain graph C =
(VC ,EC) is a special case of a directed graph that comprises of ex-
actly one cycle. With that, every vertex v ↗ VC has exactly one
incoming edge and one outgoing edge.

3.2. Geometric Consistency

We are interested in finding geometrically consistent matchings
which we define as follows:

Definition 5 (Geometrically Consistent Matching) A geometri-
cally consistent matching is a matching that preserves neighbour-
hoods such that whenever two surface elements are neighbouring
on the source shape, their corresponding surface elements should
also be neighbouring on the target shape.

For example, when two patches are neighbouring on the source
shape, they should be matched to neighbouring patches on the tar-
get shape. Similarly, whenever two triangles are neighbouring on
the source shape, they should be matched to neighbouring triangles
(or edges or vertices) on the target shape.

3.3. Cyclic Product Graphs for Shape Matching

In [LRS*16], the authors introduce the product graph P between a
cyclic chain graph C (i.e. a 2D shape) and a 3D shape Y to tackle
the 2D-3D shape matching problem.

Definition 6 (Product Graph) The product graph P of a cyclic
chain graph C and the directed graph of a 3D shape Y is a tuple
(VP ,EP ) of (product) vertices VP and (product) edges EP and
reads
VP := VC ↔VY ,

EP :=
{

e =
(( vC

vY
)
,
( v̄C

v̄Y
))

| (vC , v̄C) ↗ EC ; (vY , v̄Y ) ↗ E+
Y

} (1)

where E+
Y is the (with self-edges) extended set of edges which reads

E+
Y = EY ≃{(v,v) | v ↗ VY}.

Each edge of e ↗ EP encodes a potential matching between an
edge on the contour and an edge (or vertex) on the target shape
Y . We note that edge to vertex matchings are necessary to account
for different discretisation of the shapes, see also Section 5. Usu-
ally, we define a cost for each edge which quantifies “how good“
the potential matching is. In the 2D-3D shape matching case, glob-
ally optimal matchings based on P can be found by variants of
Dijkstra’s algorithm [LRS*16; RLB23]. Yet, in our work, we will
consider an integer linear programming formalism to incorporate
additional constraints, see also [RB24; RB25]. For more details, vi-
sualisations, and similar formalisms (e.g. for 3D shape matching)
we refer to [LRS*16; RLB23; RB24; REC*25; RB25].

4. High-Resolution Shape Matching

On a high-level, we propose a two-stage approach to find geometri-
cally consistent matchings between a source 3D shape X and a non-
rigidly deformed target 3D shape Y , see also Fig. 3 for an overview:
(i) First, we represent the surface of the source shape with a set of
patches (Section 4.1) and find geometrically consistent correspon-
dences between the patches (i.e. correspondences that preserve the
neighbourhood of patches) and the target shape (Section 4.2). (ii)
Second, we match the surface of corresponding patches so that we
obtain dense geometrically consistent correspondences (i.e. corre-
spondences that preserve the neighbourhood of triangles) between
source and target shape (Section 4.3).

We note that both of our stages build on formalisms introduced
in [RB24; RB25]. In particular, in our first stage, we extend the in-
teger linear program introduced in [RB25] (i.e. we use the proposed
constraints (INJ), (FLOW), and (NEIGH)). Further, we include the
additional constraints (MFOLD), which are inspired by [RB24],
to avoid self-intersections of patch boundaries and with that non-
manifoldness of matched boundaries. In our second stage, we ex-
tend the integer linear program introduced in [RB25] and inte-
grate additional boundary constraints (BNDRY) and an orientation
preservation regularisation term. In the following, we will elabo-
rate on our overall framework. To ensure self-containedness, we
will include a recap of the concepts introduced [RB24; RB25].

4.1. Surface Representation with Patches

We represent the surface of the source shape X by tiling it into
n patches S1, . . . ,Sn, see Fig. 2 for a visualisation. For a faithful
representation of the surface of X , we require that each patch has a
single boundary (cf. also Definition 3), and that all patches together
cover the whole surface of X . For more details on how we extract
patches we refer to Section 5.1.

4.2. Geometrically Consistent Patch Matching

Building on [RB25], we propose an integer linear programming
(ILP) formalism for geometrically consistent matching of patches.
To this end, we represent the boundary BSi of the i-th patch Si
with a cyclic chain graph Ci = (VCi ,ECi) with VCi ↓ VX and ECi =
BSi (i.e. the cyclic chain graph induced by all boundary vertices

© 2025 The Author(s).
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Figure 3: High-level overview of our two stage approach. We find
a geometrically consistent matching between two non-rigidly de-
formed 3D shapes X and Y by: (i) finding a geometrically consis-
tent matching of patches (which we only define on the source shape
and transfer them consistently to the target shape by the matching),
and (ii) finding dense geometrically consistent matchings for each
pair of corresponding patches.

and all boundary edges of patch Si). For each cyclic chain graph
Ci we construct an individual product graph Pi for matching Ci to
the target shape Y . Furthermore, we collect all n product graphs in
what we call the product graph soup P̃ :

Definition 7 (Product Graph Soup) The product graph soup P̃ =(
VP̃ ,EP̃

)
of n cyclic chain graphs C1, . . . ,Cn (e.g. the boundaries

of n many patches S1, . . . ,Sn) and a 3D shape Y consists of n many
product graphs P1, . . . ,Pn such that

VP̃ = VP1 ≃ . . . ≃ VPn ,
EP̃ = EP1 ≃ . . . ≃ EPn .

(2)

We recall that each edge in the product graph soup P̃ represents
a potential matching between a boundary edge of a patch on X

and an edge (or vertex) of Y . Consequently, all potential match-
ings between boundary edges of the patches are contained within
the product graph soup P̃ . Yet, we only want to find geometri-
cally consistent matchings so that we need to incorporate addi-
tional constraints. To facilitate this, we consider an ILP formalism.
To this end, we encode every edge e ↗ EP̃ with a binary variable
xk ↗ {0,1}, where xk = 1 means that the k-th product edge e is part
of the final solution.

We start by constraining the solution space by requiring that ev-
ery (directed) edge of each Ci is matched exactly once. With the
binary encoding of edges, this can be ensured by imposing injec-
tivity constraints, see Fig. 4 for an illustration.

⇐ (vC , v̄C) ↗ EC1 ≃ · · ·≃ECn : !
k:ek=

((vC•
)

,
(

v̄C•
))

↑EP̃

xk = 1. (INJ)

In addition, we want to enforce that matched boundaries form a
continuous path on the target shape, see Fig. 4 for an illustration.
In terms of the product graph soup, this means that whenever a
product vertex v ↗ VP̃ has an active incoming edge, it also needs
to have an active outgoing edge. This can be ensured by employing
flow-preservation constraints.

⇐ v ↗ VP̃ : !
k:ek=(•,v)↑EP̃

xk = !
j:e j=(v,•)↑EP̃

x j. (FLOW)

Furthermore, we want to ensure that neighbouring patches on
X are also neighbouring patches on Y . Since X and Y are ori-
ented manifolds, neighbouring patches on X share opposite edges
and consequently neighbouring patches on Y should also share op-
posite edges, see also Fig. 4. Thus, we enforce neighbourhood of
patches by coupling opposite product edges.

⇐ k j; eke j ↗ EP̃ ; ek =↘e j : xk = x j . (NEIGH)

Finally, we want to ensure that matched patches on Y yield man-
ifold surfaces with a single boundary that induces a cyclic chain
graph. For this, we ensure that the boundaries of each patch Si do
not intersect itself. Our manifold preservation constraints read

⇐ i; vY , v̄Y ↗ VY ; vY ⇒= v̄Y : !
k:ek=

(( •
vY

)
,
( •

v̄Y
))

↑EPi

xk ⇑ 1

(MFOLD)
We note that (MFOLD) allows to match a whole patch on X to
a single vertex on Y , which could be considered a non-manifold
matching. Yet, we argue that this is a necessary feature to account
for severe non-isometries between both shapes (which requires se-
vere shrinking or stretching of patches).

To obtain our resulting ILP, we collect all binary variables
(which encode product edges) in a vector x ↗ {0,1}|EP̃ |. Addition-
ally, we define a matching cost c(e) for each product edge e ↗ EP̃
which quantifies the cost of the potential matching. In particular,
we use the difference of vertex-wise features (e.g. feature vector
fvC of vertex vC ↗ VX and feature vector fvY of vertex vC ↗ VY ,
see Section 5 for more details), such that the matching cost reads

c(e) = c
(( vC

vY
)
,
( v̄C

v̄Y
))

= ∀( fvC ↘ fvY )+∀( fv̄C ↘ fv̄Y ). (3)

Here ∀(·) is the adaptive loss function proposed in [Bar19].

© 2025 The Author(s).
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Injectivity (INJ) Continuity (FLOW) Neighbourhood (NEIGH) Manifoldness (MFOLD)

Figure 4: Illustration of the constraints used in our integer linear program (PATCH-MATCH) for matching patches. With injectivity con-
straints, we ensure that each patch is matched exactly once. The continuity constraints ensure that each patch has a continuous boundary
when matched to the target shape. We ensure geometric consistency of patches by employing geometric consistency constraints, i.e. neigh-
bouring patches which share opposite edges on the source shape should remain neighbouring patches on target shape by sharing opposite
edges. With manifoldness constraints, we ensure that the matched patches do not contain non-manifold vertices nor non-manifold edges.

With that, our integer linear program for geometrically consis-
tent matching of patches on X to the surface of the target shape Y
reads

min
x↑{0,1}|EP̃ |

cT x s.t. (INJ), (FLOW), (NEIGH), (MFOLD).

(PATCH-MATCH)

A solution x→ of (PATCH-MATCH) yields a set of edges of shape
X and corresponding edges of Y , i.e. pairs of edges of both shapes
collected in set M := {

(( vX
vY

)
,
( v̄X

v̄Y
))

| (vX , v̄X )↗ EX ,(vY , v̄Y )↗
E+
Y}. Furthermore, a solution x→ of (PATCH-MATCH) induces for

every patch on X a corresponding patch on Y . In the second stage
of our two-stage approach, we aim to find dense, geometrically con-
sistent matchings between surfaces of corresponding patches.

4.3. Patch Surface Matching

Using a solution x→ of (PATCH-MATCH) (which in turn yields a
set of corresponding edges M), we now aim to find dense, geomet-
rically consistent correspondences of the surfaces of corresponding
patches. To this end, we use the formalism proposed in [RB25],
while incorporating additional constraints which ensure that the re-
sulting matching respects the matched boundaries of the patches,
i.e. respects the set of corresponding edges M.

In particular, for every patch S (on shape X ), we follow [RB25]
and represent each of the m oriented triangles belonging to this
patch S with a cyclic chain graph C↓1 , . . . ,C↓m . Analogous to above,
we can define a product graph P↓

i obtained from cycle C↓i and the
corresponding patch on shape Y . Eventually, we collect all product
graphs in a product graph soup P̃↓, cf. Definition 7.

We represent each product edge ek ↗ EP̃→ with a binary vari-
able zk ↗ {0,1}. We ensure that the matching of the surfaces of
the patches respects the matching of the boundary of the patches
(i.e. M obtained by solving (PATCH-MATCH)) by employing

boundary constraints, which reads:

⇐ j;e j ↗M; ek ↗ EP̃→ ; e j = ek : zk = 1 (BNDRY)

Again, we collect all binary variables in a vector z↗ {0,1}|EP̃→ |.
Furthermore, we incorporate injectivity, continuity and neighbour-
hood constraints, so that our integer linear program for finding ge-
ometrically consistent matchings between the surfaces of matched
patches reads:

min
z↑{0,1}|EP̃→ |

(d+#r)T z s.t. (INJ), (FLOW), (NEIGH), (BNDRY).

(SURF-MATCH)
Here, d ↗ R|EP̃→ |

+ is the per-edge matching cost (e.g. per-vertex

feature difference, cf. Eq. (3) and Section 5), r ↗ R|EP̃→ |
+ our ori-

entation preserving regulariser and # > 0 a weight for the latter
term. We note that here (i.e. in (SURF-MATCH)) we do not need
to enforce manifoldness constraints as each cycle represents a sin-
gle triangle of a patch of X . By the definition of the product space
and according to flow constraints, such a cycle can only be matched
to another triangle, edge or vertex of the corresponding patch on
shape Y .

The solution space of (SURF-MATCH) includes matchings
which do not preserve extrinsic orientation of surface (i.e. match-
ings that flip normal vectors). We regularise this by employing
an orientation preservation term. In particular, for every edge e =(( vC

vY
)
,
( v̄C

v̄Y
))

↗ P̃↓ in the product graph we compute r(e) =
max(∃ ↘ %

4 ,0) where ∃ is the angle (in radians) between edges
(vC , v̄C) ↗ E↓

C1
≃ · · ·≃E↓

Cm
and (vY , v̄Y ) ↗ Y after mapping the ver-

tices of both patches to the unit disk and subsequently aligning their
boundaries, see Fig. 5 for an illustration. The intuition for this is,
that finding matchings between two unit disks (e.g. through near-
est neighbours) after placing them on top of each other (such that
normal vectors align) does overall preserve extrinsic orientations.

© 2025 The Author(s).
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Figure 5: We compute the orientation preservation regulariser

as follows: (i) we map corresponding patches to the unit disk
using [EDD*95] implemented in [JP*18]. (ii) we rigidly align
both unit disks by solving an orthogonal Procrustes problem us-
ing the matched boundaries [Sch66]. (iii) for every edge e =(( vC

vY
)
,
( v̄C

v̄Y
))

↗ P̃↓ of the product graph (i.e. for every edge pair
(vC , v̄C) and (vY , v̄Y )) we compute the angle ∃ between respective
edges of X and Y mapped and aligned onto the 2D unit disk.

5. Experiments

In this section, we evaluate the performance of our method. To this
end, we first describe how we setup experiments, which metrics
we use and to which baselines we compare on which dataset. After
that, we evaluate runtime as well as the shape matching perfor-
mance of our method compared to baselines.

5.1. Setup

Hardware and Solver

We conduct all runtime experiments on CPU on a AMD EPYC
9274F 24-Core Processor with 756 GB DDR5-4800 RAM. For
runtime evaluation on GPU, we use a single NVIDIA L40 with
48GB GDDR6 VRAM. We use off-the-shelf integer linear pro-
gramming solver Gurobi [Gur23] to solve (PATCH-MATCH) and
(SURF-MATCH). For quantitative shape matching evaluation we
use a time budget of one hour for each stage, i.e. we allow for a
total computation time of at most two hours.

Shape Processing and Patch Extraction

For quantitative evaluation, we decimate shapes to 1,000 triangles
using algorithms provided in [JP*18], so that quantitative results
are comparable with previous methods (we note that we explic-
itly use the older version v2.5 of [JP*18] as its decimate func-
tion produces less discretisation artefacts). We repair any defects

in the shapes using [Att10]. To avoid issues with discretisation,
we follow [RB25] and use a distortion bound with k = 2 (the dis-
tortion bound additionally allows to match edges of Y to vertices
of X ). For cost computation, similar to previous methods [RB24;
RAC*24; RB25], we extract features on full-resolution shapes us-
ing pre-trained feature extractor [CRB23] using 25 refinement iter-
ations and transfer these features to lower-resolution shapes. Fur-
thermore, for the adaptive loss function ∀(·) used in Eq. (3), we set
& = 2 and c = 0.3, see [Bar19] for more details. For our orientation
preservation regulariser, we use # = dmax, i.e. the maximum of d.
We extract 60↘ 100 patches on the shapes as follows: (i) we per-
form furthest point sampling and region growing while constrain-
ing regions to a maximum number of faces (we use 100). (ii) we
detect regions with more than one boundary and subdivide such
regions into smaller regions so that each region only has a single
boundary and consequently yields a valid patch.

Metrics

Next to computation times we use the following two metrics to
evaluate the performance of methods w.r.t. matching quality and
geometric consistency respectively.

Geodesic errors describe the geodesic distance (on the surface
of a shape) of a matched vertex to its ground-truth vertex. We fol-
low the Princeton protocol [KLF11] and normalise errors by the
square-root of the shape area, see [KK91, Sec. 8.2].

Dirichlet energies describe the deformation energy induced by
the matching and with that allow to evaluate geometric consistency,
see [RB24, Sec. 8] for more details.

Datasets

We evaluate our method on three datasets including humanoid
shapes as well as animal shapes:

FAUST [BRLB14] comprises of 100 human shapes from which
we sample 100 pairs from the test set for evaluation. We use the
more challenging, re-meshed version [RPWO18; DSO20].

SMAL [ZKJB17] contains 49 four-legged animal shapes from 8
different animal categories. We sample 100 pairs from the test set
for evaluation.

DT4D [MRSO22] is based on the large animation dataset De-
formingThings4D [LTT*21]. It consists of 9 different classes of
game character shapes. We sample 100 inter class and 100 intra
class test pairs from the test set and denote them DT4D Inter and
DT4D intra, respectively.

Baselines

We compare our method to axiomatic shape matching approaches
and furthermore to a representative learning-based method.

SpiderMatch [RB24] represents the source shape with a single,
self-intersecting, cyclic curve. It enforces geometric consistency
through constraints in an integer linear program which preserve in-
tersections of the curve and avoid new intersections of the curve
when matched to the target shape.

GeCo [RB25] represents every triangle of the source shape with
an individual cyclic curve and ensures geometric consistency by
glueing cyclic curves together at opposite edges through constraints
in an integer linear program.

© 2025 The Author(s).
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DiscrOpt [RMWO21] is a functional-map based method that
uses discrete optimisation with hard constrains which enforce that
the functional map gives rise to a point map.

SmoothShells [ELC20] is a functional-map based method that
aligns shapes and iteratively adds more geometric information to
refine the matching

ULRSSM [CRB23] is an unsupervised learning-based approach
that builds on [RMWO21] and relates the functional map to a point
map softly through a loss. We note that we use this method to ex-
tract features for our method. In addition, this method provides fea-
tures for SpiderMatch [RB24] and GeCo [RB25].

For runtime comparisons, we compare our method against sev-
eral more, geometrically consistent shape matching methods (we
note that we compute cost functions for all methods using features
extracted with [CRB23]).

Windheuser et al. [WSSC11a] introduce an integer linear pro-
gram for matching triangles on both shapes. Geometric consistency
is enforced through constraints which ensure that neighbouring tri-
angles are glued together at opposite edges.

SM-COMB [RSCB22] builds on the formalism by Windheuser
et al. [WSSC11a] and provides a heuristic solver running on CPU.

DiscoMatch [RAC*24] also builds on the formalism by Wind-
heuser et al. [WSSC11a] and provides a heuristic solver running on
GPU employing second order updates.

5.2. Runtime Experiments

In Fig. 6, we compare the runtime of several geometrically con-
sistent methods. To this end, we sample 5 instances from FAUST
dataset and vary the resolution of both shapes, for which we show
qualitative results at a resolution of 10,000 triangles in Fig. 1 right
and in Fig. 14 in the supplementary. From the runtime results, we
can see that our method is the only scalable method and with that,
the only method that can compute geometrically consistent match-
ing results for shapes with up to 10,000 triangles. This improved
scalability stems from our two-stage approach which keeps the size
of the optimisation problems, especially of (PATCH-MATCH) in
stage (i), smaller.
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4,000
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# of Triangles
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un

tim
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[s
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Windheuser et al. SM-Comb DiscoMatch (GPU)
SpiderMatch GeCo Ours

Figure 6: Runtime comparison over five pairs of FAUST dataset
(we show median runtimes) of various geometrically consistent
shape matching methods of which our method is the most scalable.
We note that SpiderMatch [RB24] only supports a weak form of
geometric consistency and thus we plot it dashed. The bump of our
method at around 4,000 triangles very likely stems from discretisa-
tion artefacts which make our problem less easy to solve.

Furthermore, in Fig. 7, we compare the computation times of the
two stages of our method, which shows that the first stage is compu-
tationally more demanding than the second stage. We show detailed
numbers to the plots in Fig. 7 in the supplementary in Section 10.
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(PATCH-MATCH) (SURF-MATCH)

Figure 7: Runtime analysis of the two stages of our method on all
datasets for shape resolution of 1000 triangles. We show bar plots
with bar height indicating runtime in seconds. Combined is the me-
dian over all datasets. We can see that most time of our method is
spent in solving (PATCH-MATCH).

5.3. 3D Shape Matching Experiments

In Fig. 8, we show the relation of runtime, geodesic errors and
Dirichlet energies for results computed with competing methods.
From that, we can deduce that our method yields the best bal-
ance between runtime, matching smoothness and matching quality
among the geometrically consistent methods. In Section 9 in the
supplementary, we provide detailed results on geodesic errors and
Dirichlet energies.

This is also confirmed through the qualitative results shown in
Fig. 9 from which can see that our method produces visually in-
distinguishable results compared to other geometrically consistent
methods. In addition to that, in Fig. 1 and Fig. 10, we show match-
ing results of our method on high-resolution shapes with up to
10,000 triangles. For more qualitative results on high-resolution
shapes, we refer to Section 8 in the supplementary.

Finally, we evaluate the robustness of our method. To this end,
we show quantitative results on shapes with different discretisation
in Fig. 11, we evaluate the influence of the number of patches in
Table 2, and we show, as a proof-of-concept, qualitative results of
partial shapes in Fig. 12. These experiments show that our method
is applicable to more challenging settings.

Approx. # of Patches 25 50 75 100

Mean Geo. Errors 0.030 0.032 0.030 0.029

Mean Runtime [s] 114 143 211 280

Table 2: We evaluate the influence of the choice of patches by ex-
tracting a different number of patches on the source shapes for five
pairs of FAUST dataset. We can see that more patches increase the
runtime (due to a resulting larger optimisation problem in our first
stage), yet matching errors remain similar. This indicates that our
method is robust to different numbers of patches.
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Ours SpiderMatch [RB24] GeCo [RB25] ↑ULRSSM [CRB23] ↑SmoothShells [ELC20] ↑DiscrOpt [RMWO21]
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Figure 8: Scatter plots of competing methods showcasing the relationship between runtime, geodesic errors and Dirichlet energies. Each
point represents mean geodesic errors or rather mean Dirichlet energies over a full dataset. For all plots, bottom left corners are best.
For completeness, we include methods which do not incorporate geometric consistency (i.e. methods marked with→: ULRSSM [CRB23],
SmoothShells [MRSO22], and DiscrOpt [RMWO21]) while drawing them with decreased opacity. These scatter plots show that our method
poses the best balance between matching quality, matching smoothness, and runtime.

Source DiscreteOpt SmoothShells ULRSSM SpiderMatch GeCo Ours
[RMWO21] [ELC20] [CRB23] [RB24] [RB25]

Figure 9: Qualitative comparison on shapes with a resolution of 1,000 triangles. DiscreteOpt [RMWO21] does not employ any smoothness
constraints and thus matchings violate neighbourhoods in many cases. SmoothShells [ELC20] yields smooth results but suffers from flips
(see e.g. upper body of shape in second row). Overall ULRSSM [CRB23] produces very good results. Yet, it still suffers from local miss-
matches (cf. e.g. left hand of shape in second row or head of lion in third row) due to not enforcing geometric consistency. In contrast, such
mis-matches are not apparent in any of the geometrically consistent methods (i.e. SpiderMatch [RB24], GeCo [RB25] and ours).

6. Discussion & Limitations

We have shown that our method produces high-quality matching
results and scales to high-resolution shapes. Yet, our approach has
certain drawbacks.

Even though we can effectively avoid orientation flips in the
second stage (using our orientation preserving regularisation

term), we cannot employ this term for the first stage. Conse-
quently, in the worst case, the resulting matching of the first
stage might be completely flipped inside-out and thus constrains
the second stage such that the resulting matching will also be
flipped inside-out. Nevertheless, we did not experience this case in
any of our experiments of more than 400 shape matching instances.
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Figure 10: Qualitative results of our method on shapes with a res-
olution of 5,000 triangles. By comparison to qualitative results in
Fig. 9 (were shapes have only 1,000 triangles), we can see that
the higher resolution shapes shown here allows the shapes to have
much more detailed geometry.
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Figure 11: Evaluation of our method for shapes with different dis-

cretisation on five pairs of FAUST dataset. The line shows the mean
of individual pairs (crosses). To this end, we vary the resolution of
the target shape while keeping the source shape fixed to 1,000 tri-
angles. At lower resolutions, discretisation artefacts yield higher
mean geodesic errors while overall errors are similar. This shows
that our method supports different discretisation of shapes.

Source Target Source Target

Figure 12: Qualitative results for partial shape matching on
shapes from SHREC’16 [CRB*16] dataset.

In our experiments, we have shown that our method supports
different choices of patches, shapes with boundaries, and shapes
with different discretisation. Yet, our geometric consistency con-
straints (which enforce neighbourhood preservation as a hard con-
straints) restrict its applicabilities to shape pairs which are mani-
fold and which have the same genus. In future works, non-manifold
shapes could be tackled with soft geometric consistency constraints
(i.e. constraints which allow for local geometric consistency viola-
tions). Further, shapes with different genus would require to rede-
fine the notion of geometric consistency in an appropriate sense.

For the first time, we present an efficiently solvable integer lin-
ear program for geometrically consistent shape matching that is
not limited by runtime but rather by memory consumption. In fact,
our method requires up to 500GB of memory on shape pairs with
10,000 triangles due to the quadratic growth of the number of vari-
ables and linear programming solvers requiring constraint matri-
ces to be pre-computed and stored in memory. In future works,
high memory requirements could be resolved through e.g. custom
solvers that construct constraint matrices on the fly and further ex-
ploit structural properties of our constraints, while runtimes could
be improved using approximate solvers, e.g. on GPU [RAC*24].

We show that we can push our method to handle meshes with
up to 10,000 triangles, a resolution for which geometrically con-
sistent shape matching has not been achieved before. Yet, resulting
runtimes and memory consumption might still be too demanding
for certain applications, that for example require real-time process-
ing. Despite this, our method is faster than previous (geometrically
consistent) methods, even for lower resolutions shapes. While the
trade-off between resolution and runtime depends on the applica-
tion, our method is particularly favourable for shapes with about
1,500-10,000 triangles (cf. Fig. 6).

7. Conclusion

We have presented the first geometrically consistent and globally
optimal approach which scales to shape resolutions of up to 10,000
triangles. In contrast to previous (geometrically consistent) meth-
ods, we do not rely on a local coarse-to-fine strategy, but rather
can compute global matchings directly on high-resolution shapes.
Overall, we believe that our method is an important contribution to
the visual computing community as it provides a tool to compute
guaranteed smooth correspondences on shapes with practically rel-
evant resolutions and thus brings novel downstream applications
into reach.
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