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Abstract

Unsupervised point cloud shape correspondence aims to es-
tablish point-wise correspondences between point clouds with-
out annotated data. Ensuring efficiency and accuracy is cru-
cial for practically implementing point cloud shape correspon-
dence. Although the current methods have achieved desirable
performance, the nature of encoding at dense points limits their
application in actual scenarios. Moreover, independently com-
puting per-point correspondences results in numerous multiple-
to-one erroneous correspondences. To address these issues, we
present an Adaptive siamese Masked autoencoder with Global
Optimization (AMIGO), comprising a siamese masked autoen-
coder and a global optimization module. In the siamese masked
autoencoder, we downsample the input point cloud and em-
ploy adaptive siamese mask operations to boost the coding ca-
pabilities of the encoder, thereby mitigating the information
loss caused by downsampling. In the global optimization mod-
ule, optimal transport is only utilized to generate pseudo-labels
during the training phase, facilitating the efficient global plan-
ning of the correspondence results. Extensive experiments on
four standard human and animal benchmarks demonstrate that
AMIGO surpasses existing methods with remarkable margins,
achieving new state-of-the-art results.

Introduction

As one of the most indispensable techniques for real-
world applications like mixed reality (Mahmood and Han
2019; Lachat, Landes, and Grussenmeyer 2019), shape edit-
ing (Liu et al. 2019a), and non-rigid human body align-
ment (Brown and Rusinkiewicz 2007), point cloud shape
correspondence aims to establish precise point-to-point cor-
respondences between source and target point clouds. How-
ever, non-rigid objects exhibit shape variations and body part
similarity, posing significant challenges in efficiently and ac-
curately establishing point-to-point correspondences.

To tackle the aforementioned challenges, a series of point
cloud shape correspondence methods has been introduced,
broadly classified into spectral-based (Bronstein, Bronstein,
and Kimmel 2006; Huang et al. 2008; Tevs et al. 2011) and
point-based (Deprelle et al. 2019; Zeng et al. 2021; Lang

*Corresponding Author
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

2699

ASMAE + GO

Figure 1: The visualization of dense point matching re-
sults. The correspondences are visualized by transferring
colors from source to target according to matching results.
ASMAE corrects most of the mismatches in the baseline,
such as cat ears and front limbs. GO further refines the
multiple-to-one erroneous matches duiring training phase.

et al. 2021; Deng et al. 2023; He et al. 2023). Spectral-
based approaches calculate functional mappings between
projected features and learn transformations to establish
correspondences among deformable shapes, proven effec-
tive for mesh data. Nevertheless, these methods are lim-
ited by complex preprocessing and reliance on additional
vertex connectivity information. For point-based methods,
fully supervised strategies (Deprelle et al. 2019; Groueix
et al. 2018; Marin et al. 2020) use annotated data to guide
point-wise correspondences in point cloud pairs, obviat-
ing extra requirements for connectivity information. How-
ever, fully supervised methods still heavily rely on time-
consuming point-wise annotations. To ease annotation bur-
den, researchers are increasingly exploring unsupervised
point cloud shape correspondence tasks (Zeng et al. 2021;
Lang et al. 2021; Deng et al. 2023; He et al. 2023).
Current methods target specific challenges in point cloud
shape correspondence, addressing issues like rotation sym-



metry (Deng et al. 2023) and shape differences (He et al.
2023) to achieve substantial accuracy improvements with-
out relying on annotated data or connectivity information.
However, these methods share a standard paradigm, where
all 1024 points from the source and target point clouds
are fed into an encoder for point feature extraction. Subse-
quently, the shape correspondences are established based on
point-to-point feature similarity. The simultaneous encoding
of numerous points severely limits inference speed, hinder-
ing real-time applicability. Moreover, pursuing the optimal
match for each point independently through pointwise sim-
ilarity is a suboptimal strategy, as it may lead to multiple-
to-one matches. As illustrated in Figure 1, the forelimb and
ear are mistakenly matched to a hindlimb. Thus, the optimal
strategy requires a global planning of correspondences.

By analyzing previous point-based methods, two critical
issues are identified for accurate correspondence: 1) How
to accelerate the network inference for point cloud shape
correspondence? Downsampling is widely adopted to ac-
celerate inference across various 3D tasks (Wang et al.
2023; Schult et al. 2022; Lu et al. 2023; Li et al. 2024;
Deng, Lu, and Zhang 2025). However, downsampling in-
advertently reduces the density of point clouds, leading
to a loss of local details and an oversimplification of the
overall body structure. The current paradigms in the point
cloud shape correspondence field lack the eligible capa-
bility to provide sufficiently elaborate structural represen-
tations for sparse point clouds. The Masked Autoencoder
(MAE) (He et al. 2022) promises improved encoding of
fine-grained structures within the encoder. Nonetheless, di-
rectly applying MAE to source and target point clouds with-
out interaction is insufficient to encode features that possess
both intra-discriminative and inter-correspondence quali-
ties. Besides, the random masks used in MAE do not ad-
equately support discriminative representations. Therefore,
it is imperative to design an efficient paradigm to acceler-
ate inference while adeptly ensuring intra-discriminative and
inter-correspondence modeling. 2) How to effectively miti-
gate multiple-to-one erroneous correspondences? Calculat-
ing the optimal match for each point individually may have
ambiguous activations without pointwise annotations, often
resulting in multiple-to-one erroneous matches in Figure 1.
Thus, an advanced matching strategy should eliminate the
convention of pursuing an optimal match for each point in-
dependently and turn to the ideology of global optimum, in
other words, finding the global high confidence match for all
points in a point cloud pair.

To achieve the above goal, we propose an Adaptive
Siamese Masked AutoEncoder with Global Optimization
(AMIGO) for unsupervised point cloud shape correspon-
dence, including an adaptive siamese masked autoencoder
(ASMAE) and a global optimization module (GO). In the
adaptive siamese masked autoencoder, the point cloud pair
interacts via masking partial source point cloud structures
and recovering them based on the complete target point
cloud (as illustrated in Figure 4). This interaction pro-
motes better correspondences, enabling intra-discriminative
and inter-correspondence modeling on downsampled point
clouds. Besides, an Adaptive Adversarial Mask Generator
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(AAMQG) is proposed to generate point cloud masks in the
source point cloud adaptively based on specific shapes. De-
spite an eightfold downsampling of the point cloud, our
ASMAE achieves more accurate correspondences. In the
global optimization module, optimal transport (Cuturi 2013)
assigns pseudo-labels to each point through a global per-
spective in refinement for correspondence optimization. The
global optimum effectively mitigates multiple-to-one erro-
neous correspondences. Notably, We only use the optimiza-
tion to get pseudo labels during the training phase.

In summary, our contributions are outlined as follows: (i)
We innovatively develop an adaptive siamese masked au-
toencoder with global optimization for unsupervised point
cloud shape correspondence, to the best of our knowl-
edge, which is the first point cloud siamese masked autoen-
coder. (ii)) We propose an adaptive siamese masked autoen-
coder that accelerates network inference and improves cor-
respondence accuracy. Furthermore, the global optimization
module effectively alleviates the multiple-to-one correspon-
dence issue. (iii) Extensive experiments on four standard
benchmarks, including SURREAL (Groueix et al. 2018),
SHREC’19 (Melzi et al. 2019), SMAL (Zuffi et al. 2017),
and TOSCA (Bronstein, Bronstein, and Kimmel 2008),
demonstrate AMIGO outperforms current sota methods.

Related Work

Point Cloud Representation Learning. Early deep learn-
ing research (Poux and Billen 2019; Liu et al. 2019b;
Borges, Garcia, and de Queiroz 2022) adapt CNNs for point
cloud data by projecting onto 2D bird’s-eye view or 3D vol-
umetric grids to address representation challenges. To over-
come voxelization’s quantization error, PointNet (Qi et al.
2017a) extracts pointwise features using multi-layer percep-
trons and max pooling. PointNet++(Qi et al. 2017b) im-
proves local information integration through a hierarchi-
cal sampling and grouping approach. DGCNN(Wang et al.
2019) utilizes the point cloud’s graph-like structure to learn
the edge features of the graph in each layer. Moreover,
attention-based techniques (Vaswani et al. 2017; Liu et al.
2021; Guo et al. 2021; Han et al. 2022) are gaining momen-
tum. Point Transformer (Zhao et al. 2021) utilizes subtrac-
tion vector attention for local features. In contrast, PCT (Guo
et al. 2021) is a global attention network.

Point Cloud Masked Autoencoders. Masked autoen-
coders have demonstrated remarkable performance in self-
supervised learning for point clouds. Point-MAE (Pang et al.
2022) pioneers MAE-style pre-training, proving competitive
across various tasks. Point-M2AE (Zhang et al. 2022) uses
a hierarchical approach for multi-scale spatial geometry un-
derstanding. Point2vec (Abou Zeid et al. 2023) implicitly re-
constructs masked patches, removing the need for intricate
distance metrics. Recently, I2P-MAE (Zhang et al. 2023) ex-
plores 2D pre-trained models for 3D mask generation. How-
ever, the aforementioned methods all deal with individual
point clouds. Therefore, we introduce the first point cloud
siamese masked autoencoder explicitly designed for point
cloud pairs, enhancing interaction between the point cloud
pair with an innovative adversarial masking strategy.
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Figure 2: Illustration of the AMIGO. AMIGO mainly consists of the Adaptive Siamese Masked Autoencoder and the Global
Optimization. The Adaptive Siamese Masked Autoencoder masks and recovers the source point cloud via the complete structure
of the target point cloud, enhancing correspondence perception capabilities. Additionally, the global optimization generate
pseudo-labels in a global view, facilitating efficient optimization of similarity relationships during training phase.

Shape Correspondence. Point cloud shape correspondence
methods can be broadly categorized into spectral-based
methods and point-based methods. Spectral-based meth-
ods (Bronstein, Bronstein, and Kimmel 2006; Huang et al.
2008; Tevs et al. 2011; Roufosse, Sharma, and Ovsjanikov
2019; Donati, Sharma, and Ovsjanikov 2020) employ mesh
data, which includes vertex coordinates and connectivity in-
formation. Traditional methods (Bronstein, Bronstein, and
Kimmel 2006; Huang et al. 2008; Tevs et al. 2011) com-
pute the Laplacian-Beltrami Operator (LBO) eigenvectors as
basis functions and derive a linear transformation for shape
correspondence. Cao et al. (Cao and Bernard 2023) transfer
rich structural information from mesh data to point clouds.
Point-based methods (Corman, Ovsjanikov, and Chambolle
2014; Zeng et al. 2021; Lang et al. 2021; He et al. 2023;
Deng et al. 2023; Deng, Lu, and Zhang 2024; Dutt, Mu-
ralikrishnan, and Mitra 2024) directly process point clouds
without connectivity information. CorrNet3D (Zeng et al.
2021) and DPC (Lang et al. 2021) use DGCNN (Wang
et al. 2019) network to aggregate features via graph struc-
ture. HSTR (He et al. 2023) develops a multi-receptive-field
transformer point cloud encoder that considers local struc-
tures and global semantics. SE-ORNet (Deng et al. 2023)
incorporates an orientation estimation module to solve the
rotational symmetry problem. Nevertheless, the inference
speed is limited by encoding thousands of points concur-
rently. To address the limitation, we introduce a point cloud
Siamese MAE to represent downsampled point clouds effi-
ciently and yield more accurate correspondences.

Method
Overview

Unsupervised point cloud shape correspondence aims to es-
tablish a one-to-one mapping, f : X — ), between two
point clouds (source X and target )) without any annota-
tions. Figure 2 illustrates our approach’s pipeline, including
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two key components: an adaptive siamese masked autoen-
coder and a global optimization module. Given the source
point cloud X € R™*3 and the target point cloud Y €
RY*3 we initially perform eightfold downsampling using
a mini PointNet (Qi et al. 2017a) to reduce and cluster the
points, resulting in X € RN¢XC1 and Y € RN4XC1, Subse-
quently, X and Y undergo feature aggregation via the shared
encoder, resulting in F'x and Fy. To enhance the intra-
discriminative and inter-correspondence characteristics of
the features, we design the Adaptive Siamese MAE. Further
details on this aspect will be discussed in Section . F'x and
Fy undergo upsampling and interpolation to obtain the com-
plete representations, Fiy € RNV*C and Fy € RNV*C and
to compute the similarity S and construction loss L.onstr
between the source and target point clouds. Furthermore,
Fx and Fy are also introduced into the global optimiza-
tion module. In this phase, optimal mapping as T* is derived
through optimal transportation, which guides the refinement
of S via L,. This aspect will be elaborated upon in detail in
Section . Finally, we introduce the model training and infer-
ence under the unsupervised setting in Section .

Adaptive Siamese Masked Autoencoder

To improve the encoder’s ability to capture local structural
information in sparse point clouds and enhance correspon-
dence, we introduce the adaptive siamese masked autoen-
coder, consisting of the adaptive adversarial mask generator
and the siamese masked autoencoder.

Adaptive adversarial mask generator. The adaptive
adversarial mask generator employs adversarial learning
strategies to adaptively generate masks for key structural
points within a point cloud based on its specific shape.
This approach aids in establishing intra-discriminative rep-
resentations for point clouds by increasing the challenge of
reconstructing the complete point cloud structure through
the siamese masked autoencoder. As shown in Figure 3,
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Figure 3: Mask generator structure. The predicted point
positions in the output are constrained to match the true
point positions.

X € RNaXC g fed into a light DGCNN (Wang et al.
2019) to extract features among sparse point clouds, re-
sulting in Ex € RNaxC2 A get of N,, learnable filter
queries€ RN=*C2 are established to adaptively select points
to mask from various perspectives. Specifically, each filter
query computes a similarity vector m” with E'x and em-
ploys Gumbel-softmax (Jang, Gu, and Poole 2016) to se-
lect the most similar point in X as the masked point. There-
fore, N,, filter queries can generate IV,,, correspond masked
points. To promote masked points mutually exclusive and
almost evenly distributed, we introduce a diversity loss Lg;jy
that operates on similarity vectors:

N Nm m I
J
Liv=%2 ZZi (1)
T N2 S g g

where m represents the similarity vector between the ith

filter query and E'x. However, occasional duplicate masked
points may lead to different number of mask points for dif-
ferent samples within a batch, impacting parallel computa-
tion. In practice, we randomly select the extra points to en-
sure the total number of masked points equals V,,.

It is worth noting that the training of the Adaptive Adver-
sarial Mask Generator is alternately updated with the other
network modules. The loss function employed for this mod-
ule steers the module towards generating challenging mask.
Specifically, the adversarial loss can be formulated as:

X o o=rf —rX 2

mae?
where £ denotes the training loss function in the siamese
masked autoencoder, explained in the following.

Siamese masked autoencoder. Using point cloud masks
generated by the adaptive adversarial mask generator, we
feed the visible point cloud into a point cloud encoder to ob-
tain point cloud features, denoted as Fy, € R(Na=Nm)xC,
For the encoder, we employ the local instead of global self-
attention, similar to HSTR (He et al. 2023), to constitute the
transformer-based encoder. For the decoder, we utilize stan-
dard point cloud cross-attention blocks and self-attention
blocks.

In the subsequent process of using the decoder to re-
construct the masked regions, we do not employ the tradi-
tional MAE method, which is applied independently to in-
dividual entities. Instead, we utilize the features of the tar-
get point cloud to restore the masked regions of the source

mask —
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Figure 4: Autoencoder mechanism diagram. The masked
X point cloud initially builds its visible structure in the en-
coder and then locates the corresponding structure within
the Y. By modeling the geometric relationship in the Y, the
mask tokens infer the approximate location of the masked
points in the Masked X based on the established structural
relationship. The recoverd X structure undergoes internal
adjustments, and the cross-construction loss (L,q¢) is de-
signed to align the true structure and the recoverd stucture.

point cloud. This approach facilitates the identification of
corresponding structures between the source and target point
clouds. Concretely, a learnable mask token Ty, € RC is
introduced and duplicated to supplement the missing mask
point tokens, resulting in T’x. T’x is utilized as a query, and
the target point cloud representation Fy serves as both key
and value. These components are jointly input into the de-
coder, resulting in the production of an updated T%. As il-
lustrated in Figure 4, the decoding process plays a crucial
role in enhancing the model’s correspondence and construc-
tion capabilities. The updated T’ constructs the source point
cloud by leveraging the feature similarity Sx between T%
and Fx, along with the downsampled source point coordi-
nates Py € RNax3 as follows:
~ eSii

ﬁx 79 3

jGNFX (tt) lENFX (t:)

where t; € T%, s;j € Sx and z; € Px. Np, (t;) represent

the k-nearest neighbors of ¢; in the target feature space Fx.

The cross-construction of the source pomt cloud PX by the

T is denoted as X7 € RN¢*3 where X% = X;, . Then,

we constrain the training with the mae loss as follows:
‘CX _CD(PXaXT)7

mae

“4)

where CD means the chamfer distance.

Symmetric training. In the unsupervised point cloud
shape correspondence task, the statuses of source and tar-
get point clouds are interchangeable. Therefore, during the
training of ASMAE, we can leverage symmetric training
on point cloud pairs. Specifically, in addition to comput-
ing £, and £X . as described above, we treat the tar-
get point cloud as the source and vice versa. Consequently,
we calculate £Y, . and LY, using the same formulas. The
specific computation formulas are as follows:

Ezjnae - CD(PYa YT)a (5)
‘Cmask ‘cdw ‘Czae

The final loss for the siamese masked autoencoder is denoted
as Lyqe, and for the adaptive adversarial mask generator, it



is Lonask:

'Cmae = %(’Ci{zae + ’CBT/Lae)7
! ©)
Emask = §(£iask + Enyuzsk)'
Global Optimization

The Global Optimization is crafted to assign pseudo-labels
to each point during training, providing a global refinement
. Specifically, F'x and Fy are upsampled to obtain complete
point features 'y and Fy,. Subsequently, the similarity ma-
trix S is calculated via the cosine similarity. During infer-
ence, point-to-point correspondences between X and Y are
established by assigning the nearest point ;- in the feature
space to each point x; in X as its corresponding point. This
selection rule can be expressed as follows:

f (@) = yj-,j° = argmax(sy;). @)

J

Without the assistance of point-level GT annotations, the
learned similarity matrix may have ambiguous activations.
To refine the similarity matrix, we propose to assign each
point a pseudo correspondence label and find the global high
confidence match for all points in a point cloud pair. The
pseudo label assignment problem is the same as the Optimal
Transport (OT), and the goal of the OT problem is to find
a transportation plan T* at a global minimal transportation
cost, which can be estimated by the Sinkhorn algorithm with
linear programming (Cuturi 2013). Given the target point
representations Fy, € RV*C, we are interested in mapping
the source point representations Fy € RV*C to the tar-
get points. We denote this mapping as T* with a similarity
cost matrix (1 — Fy F3.). The optimal transportation plan
T* € RV*N s obtained by minimizing the similarity cost
with a regularization term:

T* = min T(T" (1 - FyFL)) — eH(T),  ®)
where H(T) = — >, Ti;logT;; is the entropy function. 7°
is the search space. Following the works (Caron et al. 2020;
Ge et al. 2021), 7 is limited as 7 = {T € RV*VN|T1 =
% -1, Tl = % -1}, where 1 denotes the vector of all ones.
The problem stated in Eq. 8 can be efficiently estimated us-
ing the Sinkhorn Iteration (Cuturi 2013) on a GPU. To re-
fine the similarity matrix, the pseudo label loss is imposed
to make the similarity matrix .S approach T*:

‘Cgo = CE(T*a 5)7 (9)

where CE is the Cross-Entropy loss. Notably, we use the
Sinkhorn algorithm only during training to generate pseudo-
labels that guide model optimization, thereby avoiding any
computational overhead during inference.

Model Training & Inference

Following previous point cloud shape correspondence meth-
ods (Lang et al. 2021; Deng et al. 2023; He et al. 2023),
we also use construction losses L o, st t0 enhance feature
smoothness and discrimination. The specific computational
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details will be elaborated in the supplementary materials.
Eventually, the total loss in our approach is composed of
three key components: the construction loss for point cloud
pairs (Lconstr), the cross-construction loss within the AS-
MAE (L;q¢), and the global optimization loss (L), for-
mulated as:

Etotal = A~ Econstr + Ao ‘Cmae + Az Egm (10)

where )\; are hyperparameters, balancing the contribution of
different loss terms. The training loss for the adaptive ad-
versarial mask generator is L,,4s;. During inference, the
adaptive siamese masked autoencoder and global optimiza-
tion are no longer computed. The downsampled point cloud
undergoes encoding to aggregate sparse point cloud fea-
tures. Subsequently, after upsampling to obtain complete
point cloud features, point-wise similarity computation is
performed to establish correspondences.

Experiment
Experimental Setup

Datasets. To validate the effectiveness and generaliza-
tion of our method, we conducted experiments follow-
ing the established protocol (Lang et al. 2021; He et al.
2023) on human datasets (SURREAL (Groueix et al. 2018)
and SHREC’19 (Melzi et al. 2019)) as well as animal
datasets (SMAL (Zuffi et al. 2017) and TOSCA (Bronstein,
Bronstein, and Kimmel 2008)). For SURREAL, contain-
ing 230,000 training shapes, we randomly downsample to
2000 shape pairs. SHREC’19, with 44 real human mod-
els, is paired into 430 examples. For the animal datasets,
the large-scale SMAL dataset are parameterized models.
TOSCA, generated by deforming templates (human, dog,
and horse), yields a training set of 260 and a test set of 286
samples among 41 figures. To further validate the robust-
ness and generalization, experiments are also conducted on
the real-scanned Owlii dataset (Xu, Lu, and Wen 2017) and
the partial-shape SHREC’ 16 dataset (Cosmo et al. 2016). A
detailed discussion can be found in the Robustness Analysis
section of the supplementary materials.

Evaluation metrics. The evaluation metrics encompass
average correspondence error and correspondence accuracy.
The average correspondence error, based on the Euclidean
measure for a source and target point cloud pair (X,Y):

1
err = 3 1 @) = yacll

r;,€X

Y

where y,; € Y is the ground-truth matching point to z;. The
correspondence accuracy is formulated as:

acc(e) = % Z (IS (i) = ygell, < ed),

x, €X

(12)

where 1(-) is the indicator function, d is the maximum Eu-
clidean distance between points in Y, and € € [0, 1] denotes
the error tolerance, usually set to 0.01.

Implementation details. The mini PointNet achieves an
8 downsampling, generating a sparse point cloud with 128
points by employing two layers of simple PointNet struc-
tures. This sparse input is then fed into a Siamese masked



M SHREC’19 (SHREC’19) | SHREC’19 (SURREAL) | TOSCA (TOSCA) | TOSCA (SMAL)
ethod | Data
acc T err | acc T err | acc T err | acc T err |
SURFMNet | Mesh | 5.9% 0.2 4.3% 0.3 / / / /
GeoFMNet | Mesh / / 8.2% 0.2 / / / /
Diff-FMaps | Point |/ / 4.0% 7.1 / / / /
3D-CODED | Point / / 2.1% 8.1 / / 0.5% 19.2
Elementary | Point / / 2.3% 7.6 / / 0.5% 13.7
CorrNet3D | Point | 0.4% 33.8 6.0% 6.9 0.3% 32.7 5.3% 9.8
DPC Point | 15.3% 5.6 17.7% 6.1 34.7% 2.8 33.2% 5.8
SE-ORNet | Point | 17.5% 5.1 21.5% 4.6 38.3% 2.7 36.4% 39
HSTR Point | 19.3% 4.9 19.4% 5.6 52.3% 1.2 33.9% 5.6
TANet | Point | 21.5% 4.5 20.6% 4.8 65.1% 0.7 37.1% 3.7
QOurs Point | 22.7 % 4.3 23.1% 4.5 65.9% 0.5 38.5% 34

Table 1: Comparson on SHREC19, SURREAI, TOSCA and SMAL benchmarks. Acc means the correspondence accuracy
at an error tolerance of 0.01, while err refers to the average correspondence error. Higher accuracy and lower error reflect a
better result. The datasets in brackets indicate the training sets used for the experiments, e.g., SHREC’ 19 (SURREALI) indicates
training on the SURREAL dataset and testing on the SHREC’ 19 dataset.

autoencoder. The adaptive adversarial mask generator pro-
duces masks with a 40% coverage. The feature dimensions
of the mask token and encoder are set to 512. The en-
tropic regularization (e) in optimal transport is configured
at 10. The coefficients (A1, A2, A3) in Equation 10 are 1,
1, and 0.5, respectively. Our implementation utilizes CUDA
11.1 and PyTorch 1.10.1 (Paszke et al. 2017), running on
a GeForce RTX 3090 device. Model training employs the
AdamW (Loshchilov and Hutter 2017) optimizer with a
learning rate 5e-4, a weight decay 5e-4, and a batch size
of 4 for 300 epochs. More implementation details will be
provided in the supplementary material.

Comparison on Human Datasets

Following previous works (Lang et al. 2021; He et al.
2023), the human datasets consist of the SURREAL and
SHREC’19 datasets. There are two validation setups: Intra-
dataset and cross-dataset. Specifically, Intra-dataset refers to
training on the SHREC’19 training set and testing on the
SHREC’19 test set. Cross-dataset involves training on the
SURREAL training set and testing on the SHREC’19 test
set to evaluate the model’s generalization performance.

Intra-dataset evaluation. The results in Table 1 indicate
that our approach achieves a 3.4% accuracy improvement
and a 0.6 cm error reduction on the SHREC’ 19 dataset, es-
tablishing it as the new state-of-the-art method. Additional
experimental results under various error tolerances can be
found in Figure 1 of the supplementary materials, which
demonstrate the superiority of AMIGO over other methods
under the same validation setup.

Cross-dataset evaluation. Table 1 demonstrates our
method achieves an accuracy improvement of 1.6% on SUR-
REAL, with a decrease in error by 0.1 cm. This showcases
excellent generalization capabilities.

Comparison on Animal Datasets

The animal datasets, specifically SMAL and TOSCA, un-
dergo two distinct validation settings: intra-dataset and
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cross-dataset. Intra-dataset involves training on the TOSCA
training set and testing on the TOSCA test set. Cross-dataset
entails training on the SMAL training set and evaluating on
the TOSCA test set to assess the model’s generalization per-
formance.

Intra-dataset evaluation. The results in Table 1 demon-
strate that our approach achieves a significant accuracy im-
provement of 13.6% compared to the existing state-of-the-
art methods on the TOSCA dataset, with a minimal error of
only 0.5 centimeters. This establishes our method as the new
state-of-the-art method. Additional experimental results un-
der various error tolerances can be found in Figure 2 of the
supplementary materials.

Cross-dataset evaluation. Regarding generalization per-
formance, Table 1 indicates a 2.1% improvement in accu-
racy and a 0.5 reduction in error for our method compared
to the current state-of-the-art method SE-ORNet (Deng et al.
2023) on the SMAL dataset.

Ablation Study

Evaluation of different model designs. In this section, we
undertake comprehensive ablation studies on the SHREC’19
dataset to evaluate the efficacy of each design. Table 2 il-
lustrates the model’s performance across various designs.

DS ASMAE AAMG GO SHREC'19
accT errl
X X X X | 193% 49
v X X X | 165% 6.6
v v X X | 209% 4.6
v v 4 X | 21.6% 45
v v X v | 219% 4.4
v v 4 v |227% 4.3

Table 2: Ablation study on different designs on
SHREC’19. DS refers to downsampling. ASMAE stands
for Adaptive Siamese Masked Autoencoder, AAMG refers
to the Adaptive Adversarial Mask Generator, and GO repre-
sents Global Optimization.



. SHREC’19
Mask - Ratio < 01y Facc(0.05) T ace(0.10) T err |
random 20% | 1929%  46.71%  63.08% 4.68
random 40% | 21.86%  50.23%  66.52% 4.43
random 60% | 2131%  48.92%  64.77% 449
random 80% | 20.67%  47.42%  64.19% 4.55
AAMG 20% | 1985%  47.03%  63.62% 451
AAMG 40% | 2272%  51.80%  69.44% 4.32
AAMG 60% | 22.16%  50.87%  67.64% 438
AAMG 80% | 2152%  49.32%  65.89% 4.43

Table 3: Ablation studies on different masking strategies
and ratios in ASMAE. Random refers to a random mask,
and AAMG denotes the adaptive adversarial mask generator.
Ratio represents the ratio of mask.

Specifically, the results from the first and second rows in-
dicate that simple downsampling can compromise the repre-
sentational capability of the encoder. A comparison between
the second and third rows highlights that ASMAE effec-
tively assists the encoder in learning distinctive representa-
tions and inter-correspondence of downsampled sparse point
clouds, resulting in outstanding accuracy and error improve-
ment. The use of the adaptive adversarial mask generator to
mask challenging parts and facilitate recovery in the autoen-
coder yields a corresponding accuracy increase of 0.7%, as
indicated in the third row. The global optimization module
further enhances correspondence accuracy by an additional
1.1% by planning correspondences from a global perspec-
tive. Notably, even in the absence of AAMG, global opti-
mization proves highly advantageous.

Effectiveness of the ASMAE. In Table 3, we experi-
mentally evaluate various mask strategies and ratios for AS-
MAE. Compared to MAE’s commonly used random masks,
AAMBG achieves superior results at different ratios by adap-
tively selecting masked points. Different mask ratios also
influence the performance of ASMAE, and ultimately, we
achieve the best results using a 40% mask ratio. As de-
picted in Figure 5, we performed visual experiments to val-
idate the restoration of the missing structure in the source
by aggregating the complete target structure and establish-
ing correspondences in this process. In the second column,
the source point cloud constructed during the £,,,. com-
putation is presented, randomly showcasing three restored
points by mask tokens color-coded in red, green, and blue.
The third column exhibits the attention weights of mask to-
kens on the target point cloud, emphasizing the top five tar-
get points with the maximum attention weights. The visual
results strongly indicate a correspondence between the re-
stored source parts and the focused target parts by mask to-
kens, robustly affirming our viewpoint. Beyond qualitative
results, quantitative experiments are conducted on mask to-
ken correspondence accuracy using the TOSCA dataset, as
illustrated in Table 4. Specifically, we evaluated the accu-
racy (Accpqe) of correctly establishing correspondences be-
tween the source point recovered by a mask token and the
target points it attended to under different £,,,,. losses, in-
cluding cross construction loss (CC) and mean square error
loss (MSE). We apply various point thresholds (T), consid-
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£77l(l(3 T ‘ ACC’IT’L{IC T H Emae T ‘ Accma,e T
CC 1] 683% | CC 10| 92.5%
CC 5| 869% || MSE 5| 813%

Table 4: Effectiveness of the Decoder. AMIGO uses “CC”.

Settings SHREC’19 Settings SHREC’19
ng accT errl ng accT errl

Ind. matching |21.61% 4.53 |MSE loss|22.38% 4.39
Global matching|22.72% 4.32| CE loss (22.72% 4.32

Table 5: Ablation studies on the Global Optimization.

ering the correspondence correct if the top T points in the
target region most attended by the mask token include the
recovered corresponding points from the source. The results
further validate that our decoder not only aids in recovering
source shape by the mask token but also facilitates correct
correspondences with the target shape.

Source

Source
(M)

Target Attention

Figure 5: Visualization of attention on mask tokens to-
wards the target shape. Source and Target refer to the
downsampled point cloud pair. Source(M) denotes the cross-
constructed source point cloud in the ASMAE. The Atten-
tion illustrates the attention maps of three mask tokens (in
red, green, and blue) on the target point cloud.

Effectiveness of the global optimization. As shown in
Table 5, Global Matching with optimal transport outper-
forms independent matching. In order to leverage optimal
transport for guiding the learning of point cloud similarity
matrices, this paper employs the Cross-Entropy loss to align
point cloud pairs’ similarity relations with global planning
outcomes. Using alternative loss functions, such as MSE
loss, is also feasible. As demonstrated in the fourth row, the
Cross-Entropy loss yields slightly better performance.

Conclusion

In this paper, we introduce an adaptive siamese masked au-
toencoder with global optimization for unsupervised point
cloud shape correspondence. To our knowledge, AMIGO
is the first siamese point cloud MAE framework, improv-
ing the distinctive modeling of point clouds and establishing
pairwise correspondences. We present a global optimization
module that utilizes optimal transport for optimization to
tackle the challenge of multiple-to-one erroneous matching
in shape correspondence. Extensive experiments conducted
on four benchmarks and real, partial-shape datasets show-
case the superior performance of AMIGO.
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