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Abstract
Unsupervised point cloud shape correspondence aims to es-
tablish dense correspondences between source and target
point clouds. Existing methods universally follow a one-step
paradigm to obtain shape correspondence directly, but it often
fails in large-scale motions of humans and animals. To address
this challenge, we propose a conditional Diffusion model with
reliable pseudo-label guidance for unsupervised point cloud
shape Correspondence (DiffCorr), including a transformer-
based conditional diffusion model and a reliable pseudo-label
generator. The proposed DiffCorr enjoys several merits. Firstly,
the transformer-based conditional diffusion model implements
a coarse-to-fine optimization for coarse correspondences. Sec-
ondly, we design a reliable pseudo-label generator to provide
high-quality pseudo-labels for training. Extensive experiments
on four human and animal datasets demonstrate that DiffCorr
surpasses state-of-the-art methods and exhibits favorable gener-
alization capabilities.

Introduction
Point cloud shape correspondence aims to identify dense
mappings between two non-rigid point clouds with de-
formable shapes. The shape correspondence is essential for
various practical applications, such as articulated motion
transfer (Noguchi et al. 2022) and shape editing (Zwicker
et al. 2002). However, non-rigid bodies exhibit significant
motion variability. The motions lead to large-scale displace-
ments between corresponding parts across shapes. Besides,
as a primitive representation of 3D space, the sparse and
irregular nature of point clouds introduces significant local
noise, leading to neighborhood perturbations.

To address the aforementioned challenges, a variety of
point cloud shape correspondence methods (Zeng et al.
2021; Lang et al. 2021; Deng et al. 2023; He et al. 2023)
have been developed. To reduce the burden of resource-
intensive labeling in fully supervised methods (Deprelle
et al. 2019; Marin et al. 2020), researchers are increas-
ingly focusing on unsupervised methods that leverage un-
labeled data for model training and inference. Current unsu-
pervised point cloud shape correspondence methods (Zeng
et al. 2021; Lang et al. 2021; Deng et al. 2023; He et al.
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Figure 1: The correlation between displacement and error.
Figure (a) visualizes the point-to-point displacement map
between the source and target point clouds (the bluer, the
larger) and the error maps predicted by the baseline method
and our DiffCorr (the redder, the larger). Figure (b) is a scat-
ter plot showing the strong statistical correlation between
displacement and error in the point cloud.

2023) achieve state-of-the-art results by directly obtaining
matching outcomes by independently calculating similarity
scores between point embeddings. This one-step matching
demonstrates performance improvements in areas with mi-
nor motion. However, the one-step paradigm may struggle to
precisely match corresponding points with large-scale dis-
placements, providing only an approximate estimate.
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By examining previous point-based shape correspon-
dence methods, we identify two key issues that should be ad-
dressed to achieve more accurate shape correspondences: 1)
How to handle large motion displacements in shape pairs?
The accuracy bottleneck in most existing methods lies in
their inability to precisely predict correspondences in parts
with large motion displacements, leading to substantial error
accumulation. As shown in Figure 1, the visual consistency
and strong positive correlation with statistical data further
validate the dilemmas current methods face in large motion
displacements. Therefore, we should design a coarse-to-fine
correspondence prediction approach to replace the one-step
paradigm, leveraging multi-step optimization to converge to
accurate corresponding points gradually. 2) How to guide
the direction of multi-step optimization under unsupervised
conditions? In the absence of ground truth labels to accu-
rately guide optimization directions, designing a selection
strategy to identify high-quality landmark points as guides
for multi-step optimization direction is particularly critical.

To achieve the objectives above, we propose a conditional
Diffusion model with reliable pseudo-label guidance for un-
supervised point cloud shape Correspondence (DiffCorr),
which comprises a Transformer-based Conditional Diffu-
sion Model (T-CDM), a Reliable Pseudo-Label Generator
(RPLG), and a point cloud encoder within a unified archi-
tecture. The transformer-based conditional diffusion model
adopts DDIM (Sundararaman, Pai, and Ovsjanikov 2022)
framework with a structure-aware point cloud transformer
as the backbone, facilitating multi-step denoising refinement
within the local areas of initial correspondence locations.
The conditions include two components: the local cost and
the initial flow. The local cost is generated by inputting the
K-nearest neighbor (k-NN) similarity and coordinate off-
sets of mapped points into a compact DGCNN (Wang et al.
2019) network to obtain local embeddings. The initial flow
is the coordinate flow of initial corresponding points derived
from the point similarity matrix. In the reliable pseudo-label
generator, we design an effective high-quality correspond-
ing point pair selection strategy to identify landmark points
that guide the denoising direction in the diffusion model.

In summary, our contributions are as follows: (i) We in-
troduce a novel conditional diffusion model with reliable
pseudo-label guidance for unsupervised point cloud shape
correspondence. (ii) The proposed transformer-based con-
ditional diffusion model leverages conditions to overcome
the bottleneck for large motion displacements. We develop a
reliable pseudo-label generator that effectively filters high-
quality corresponding point pairs without manual annota-
tion. (iii) Extensive experimental results on four standard
benchmarks, including SURREAL, SHREC, SMAL, and
TOSCA, demonstrate that the proposed model surpasses
current state-of-the-art methods.

Related Work
Learning-based point cloud representation. Learning-
based point cloud representation methods are broadly di-
vided into convolution-based (Su et al. 2015) and point-
based approaches (Wu et al. 2022; Zhao et al. 2021; Wang
et al. 2022; Li et al. 2024). Convolution-based works (Su

et al. 2015; Chen et al. 2017) project point clouds onto 2D
images to process with 2D convolutions, but this projec-
tion inevitably loses spatial information. In contrast, Point-
Net++ (Qi et al. 2017) advances this concept by incorpo-
rating local information. DGCNN (Wang et al. 2019) in-
troduces EdgeConv (Wang et al. 2019) blocks, which dy-
namically update neighborhood information based on dy-
namic graphs, ultimately delivering improved performance
in point cloud analysis. On the other hand, PCT (Guo et al.
2021) enhances input embedding with the support of farthest
point sampling and nearest neighbor search and uses self-
attention to capture global features. Our DiffCorr designs a
transformer backbone tailored for the point cloud shape cor-
respondence, aiding in learning representations and denois-
ing local correspondences.

Shape correspondence. The shape correspondence task
aims to find correspondences between two deformable
shapes, which can be categorized into spectral-based and
point-based methods based on the input data type. Spectral-
based methods attempt to design data-agnostic shape
correspondence methods to leverage the simplicity and
preprocessing-free nature of point cloud data. Cao et al.(Cao
and Bernard 2023) transfer rich structural information from
mesh data to point clouds. Jiang et al.(Jiang, Sun, and Huang
2023) use a mesh template to predict shape correspondence
between two point clouds. Unfortunately, these methods
still rely on mesh data and connectivity information dur-
ing training and inference. In contrast, point-based meth-
ods directly process point clouds without connectivity in-
formation. DPC (Lang et al. 2021) and SE-ORNet (Deng
et al. 2023) compute point embedding similarities from the
DGCNN (Wang et al. 2019) network to obtain shape corre-
spondences directly. Diff3f (Dutt, Muralikrishnan, and Mi-
tra 2024) distills diffusion features from foundational im-
age models onto input shapes. Existing point-based meth-
ods struggle to handle large-scale motions effectively us-
ing this one-step correspondence strategy. Therefore, our
proposed DiffCorr employs a coarse-to-fine correspondence
strategy, designing a conditional diffusion model to handle
large-scale motion by fine-tuning local correspondences.

Diffusion model. Diffusion models (Sohl-Dickstein et al.
2015; Ho, Jain, and Abbeel 2020; Song, Meng, and Er-
mon 2020) have been extensively researched due to their
powerful generative capabilities. Building on these founda-
tions, conditional diffusion models have been developed to
leverage auxiliary conditions for more controlled image syn-
thesis. InstructPix2Pix (Brooks, Holynski, and Efros 2023)
trains a conditional diffusion model using paired images
and textual instructions. Moreover, the exceptional perfor-
mance of diffusion models has been successfully applied to
discriminative tasks (Nam et al. 2023; Ji et al. 2023) such
as image segmentation (Chen et al. 2023b; Gu, Chen, and
Xu 2024; Ji et al. 2023), depth estimation (Saxena et al.
2023; Kim et al. 2022; Duan, Guo, and Zhu 2023), object
detection (Chen et al. 2023a; Ho et al. 2024; Deng, Lu,
and Zhang 2025), and pose estimation (Tevet et al. 2022;
Holmquist and Wandt 2023), demonstrating significant per-
formance improvements. Our DiffCorr is pioneering in ap-
plying a conditional diffusion model to the unsupervised
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Figure 2: The framework of DiffCorr. The paired point clouds are first fed into a shared point cloud encoder to compute
feature similarity. Based on this similarity, the initial flow and local cost are established as conditions for the transformer-
based conditional diffusion model. The noisy flow undergoes a multi-step denoising process to obtain refined point cloud shape
correspondences, supervised by the pseudo flow generated by the reliable pseudo-label generator. The network optimization is
guided by the construction loss and denoising loss.

point cloud shape correspondence task.

Method
In this section, we first introduce the preliminaries, includ-
ing the problem definition and the diffusion model. Follow-
ing this, we provide an overview of our DiffCorr framework.
Then, we elaborate on the details of each module and con-
clude with the model training and inference.

Preliminaries
Problem definition. Given two point clouds with different
shapes (source point cloud S ∈ RN×3 and target point cloud
T ∈ RN×3, where N is the number of points), our goal is
to obtain a dense mapping X∗ : S → T that matches each
point si ∈ S of the source point cloud with its corresponding
point tj ∈ T in the target point cloud.

Conditional diffusion model. In the conditional diffu-
sion model, the data distribution is approximated by re-
covering a data sample from the Gaussian noise through
an iterative denoising process. Given a sample X0, it is
transformed to Xt at a time step t ∈ {T, T − 1, . . . , 1}
through the forward diffusion process, which consists of
Gaussian transition at each time step q(Xt|Xt−1) :=
N (

√
1− βtXt−1, βtI), where I is the identity matrix and

βt is the pre-defined variance at time step t. The forward
diffusion process is formulated as follows:

Xt =
√
αtX0 +

√
1− αtZ, Z ∼ N (0, I), (1)

where αt =
∏t

i=1(1 − βi). After training, we can sample
data from the learned distribution through iterative denois-

ing with the pre-defined range of time steps, called the re-
verse diffusion process, following the non-Markovian pro-
cess of DDIM (Song, Meng, and Ermon 2020), which is
parametrized as another Gaussian transition:

pθ(Xt−1|Xt) := N (Xt−1;µθ(Xt, t), σθ(Xt, t)I). (2)

To this end, the diffusion network Fθ(Xt, t;K) predicts the
denoised sample X̂0,t given Xt, t and condition K. This net-
work is trained to learn the denoising function Fθ by min-
imizing the difference between the predicted and true sam-
ples at each step. One step in the reverse diffusion process
can be formulated such that

Xt−1 =
√
αt−1Fθ(Xt, t;K) +

√
1− αt−1 − σt

1− αt

(Xt −
√
αtFθ(Xt, t;K)) + σtZ,Z ∼ N (0, I),

(3)

where σt is the covariance value of Gaussian distribution at
time step t. This iterative denoising process can be viewed
as finding X∗ = argmaxX log p(X|K) through the rela-
tionship between the conditional sampling process of DDIM
(Song, Meng, and Ermon 2020) and conditional score-based
generative models (Batzolis et al. 2021).

Framework overview
The overall framework of DiffCorr is illustrated in Figure 2.
The source point cloud S and target point cloud T are first
input into a point cloud encoder to obtain point embeddings
(ES and ET ). The cosine similarity between these point em-
beddings is calculated to produce a similarity matrix M . As
in previous work, we employ a construction loss to aid in
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Figure 3: The architectures of transformer block, point cloud encoder and conditional diffusion model.

network training. Next, we identify the initial flow Xinit

from the source point cloud to the target point cloud by us-
ing the soft-argmax operation on similarity. We then aggre-
gate local similarity and relative structural information from
the target points around the initial corresponding points to
compute the local cost C. The random Gaussian noisy flow
Xt and conditions K (initial flow and local cost), are con-
catenated and input into the transformer-based conditional
diffusion model. The output flow residual X∆

t is added to
the initial flow to obtain the next step’s noisy flow Xt−1. In
the unsupervised setting, we design a novel reliable pseudo-
label generator to produce pseudo flow X̂0 to supervise the
training of the diffusion model. The details of each part will
be elaborated in sequence.

Point cloud encoder
The point cloud encoder adopts a transformer architecture,
leveraging the alignment between the transformer’s input in-
variance and the unordered nature of point cloud distribu-
tions to extract structure-aware point embeddings. Specifi-
cally, as shown in Figure 3(b), our point cloud encoder ar-
chitecture, similar to HSTR (He et al. 2023), comprises four
transformer blocks. For the shape correspondence task, as
illustrated in Figure 3(a), we restrict the receptive field of
each point within the k-NN neighborhood in the attention
mechanism. This strategy ensures the long-range perception
capability while enhancing the modeling of local structures.

Transformer-based conditional diffusion model
Condition. The conditional diffusion model in DiffCorr
uses the initial flow Xinit and the local cost C as condi-
tions. For any point si ∈ S , the most similar point tj ∈ T
can be identified as the initial corresponding point using
the similarity matrix M . The initial flow xi ∈ Xinit mea-
sures the displacement of tj relative to si in 3D space, i.e.,
xi = tj − si. The local cost ci ∈ C aggregates the similarity

and relative displacement of the k nearest neighbors of tj in
T . The specific calculation is as follows:

ci = max
k∈NT (tj)

MLP(Concat(Concat(tk,mik)

− Concat(tj ,mij), (Concat(tj ,mij))))
(4)

where mik ∈ M , and NT (tj) represents the k-nearest
neighbors of tj in the target point cloud T . Finally,
our conditions K are composed of the concatenation of
the initial flow Xinit and the local cost C, i.e., K =
Concat(Xinit, C).

Noisy flow. During training, the initial noisy flow XT is
diffused according to Equation 1. While during inference,
it is replaced with random Gaussian noise. At time step
t, the noisy flow Xt and conditions K are input into the
transformer-based conditional diffusion model to obtain the
flow residual X∆

t . The initial flow Xinit and the flow resid-
ual X∆

t are then added to produce the denoised noisy flow
Xt−1 for the next time step t− 1, i.e., Xt−1 = Xinit+X∆

t .
Architecture of conditional diffusion model. The de-

tailed architecture of the proposed transformer-based con-
ditional diffusion model is shown in Figure 3(c). The noisy
flow Xt and conditions K are concatenated and input into
the diffusion model. Additionally, we introduce the timestep
t using the adaLN-Zero method (Peebles and Xie 2023),
where scaling and shifting are applied before and after trans-
former block and feed-forward network (FFN). Specifically,
we regress dimension-wise scale (α1, α2, γ1, γ2) and shift
(β1, β2) parameters from the embedding vector of t. The cal-
culation is as follows:

(α1, α2, γ1, γ2), (β1, β2) = MLP(Embed(t)), (5)

where MLP is a multilayer perceptron and Embed is the
encoding of the timestep.
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Reliable pseudo-label generator
Another major challenge in the unsupervised point cloud
shape correspondence task is the lack of annotated labels.
To facilitate the training of the conditional diffusion model,
we design a reliable pseudo-label generator that fully ex-
ploits the information from the similarity matrix to gener-
ate reliable pseudo-labels. First, we model the uncertainty
of each point through the variance values of the similarity
vectors. Specifically, for each source point si, the total vari-
ance σ2(si) can be calculated as:

σ2(si) = Tr(Σ(mi)), (6)

where Σ(mi) is the covariance matrix of the mi ∈ M , and
Tr(·) denotes the trace of a matrix. High variance indicates
multiple or diffuse modes, signifying an unreliable predic-
tion. This uncertainty (variance) σ2 is used to weight the
denoising loss.

Due to the presence of significant noise and many-to-one
matching cases in the similarity matrix calculated directly
from point embeddings, we initially aim to model the point
cloud matching as an optimal transport problem to address
the many-to-one mismatches. Given the target point rep-
resentations ET ∈ RN×C , we are interested in mapping
the source point representations ES ∈ RN×C to the tar-
get points. We denote this mapping as Xot with a similarity
cost matrix (1 − ET E

⊤
S ). The optimal transportation plan

Xot ∈ RN×N is obtained by minimizing the similarity cost
with a regularization term:

Xot = min
X∈X

Tr(X⊤(1− ET E
⊤
S ))− ϵH(X), (7)

where H(X) = −
∑

ij Xij logXij is the entropy function
and ϵ is the coefficient. However, we discover that the hard
labels from the optimal transport solution (ϵ = 0) surpris-
ingly resulted in suboptimal or even degraded performance,
likely because solving for the optimal solution amplifies
the noise in the similarity matrix. Therefore, we use the
Sinkhorn algorithm (Cuturi 2013) to obtain an approximate
solution (ϵ > 0) for optimal transport for subsequent cal-
culations. We identify the pseudo point flow Xp

0 from the
source point cloud to the target point cloud by using the
soft-argmax operation on the approximate solution. Finally,
a cycle-consistent matching strategy is designed to filter out
point pairs X̂0 that mutually predict each other as the best
Kc correspondences, which will supervise the training of the
diffusion model.

Model training and inference
In the training phase, the conditional diffusion model learns
the prior knowledge of the shape correspondence with the
initial flow Xinit to give a matching hint and the local cost
C to provide additional local point-wise interactions. The
loss function for training diffusion model is defined as:

Ldenoising = EX̂0,t,Z∼N (0,I)

[
1

σ2

∥∥∥X̂0 −Fθ(Xt, t;K)
∥∥∥2] .
(8)

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 Lconstr to enhance feature
smoothness and discrimination. The specific computational
details will be elaborated in the supplementary materials.
Eventually, the total loss in our approach is composed of
two key components: the denoising loss (Ldenoising) and the
construction loss for point cloud pairs (Lconstr), formulated
as:

Ltotal = Ldenoising + λ · Lconstr, (9)
where λ is the hyperparameter to balance the contribution of
different loss terms.

During the inference phase, a Gaussian noise XT is grad-
ually denoised into a more accurate matching field X0 under
the given conditions through the diffusion reverse process.
To account for the stochastic nature of diffusion-based mod-
els, we propose utilizing multiple hypotheses by comput-
ing the mean of the estimated multiple matching fields from
multiple initializations FT , which helps to reduce stochas-
ticity of model while improving the shape correspondence
performance.

Experiment
Experimental settings
Datasets. Experiments are mainly conducted on four
datasets including SURREAL (Groueix et al. 2018),
SHREC’19 (Melzi et al. 2019), SMAL (Zuffi et al. 2017)
and TOSCA (Bronstein, Bronstein, and Kimmel 2008).
SURREAL is a human dataset containing 230,000 training
shapes. For a fair comparison, we follow previous meth-
ods (Lang et al. 2021; He et al. 2023; Deng et al. 2023) and
randomly sample 2,000 shapes for the training dataset. The
SHREC’19 dataset includes 44 human models, which pair
to form 430 shape pairs. SMAL is an animal dataset com-
posed of a parametric model and contains 10,000 shapes.
TOSCA is another animal dataset with 80 shapes. The de-
tailed dataset statistics are summarized in Table 1.

Dataset SURREAL SHREC’19 SMAL TOSCA

# of Points 1024 1024 1024 1024
Category Human Human Animal Animal
Non-Rigidity ✓ ✓ ✓ ✓
# of Shapes 230K 44 10K 80

Model Type Synthetic Synthetic Parametric Synthetic
3D Mesh 3D Mesh Model 3D Mesh

Table 1: Dataset information.

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 (S, T ), is
formulated as:

err =
1

N

∑
si∈S

∥X∗ (si)− tgt∥2 , (10)

where tgt ∈ T is the ground-truth matching point to si. The
correspondence accuracy is defined as:

acc(ϵ) =
1

N

∑
si∈S

1
(
∥X∗ (si)− tgt∥2 < ϵd

)
, (11)
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SURREAL/SHREC’19 SHREC’19/SHREC’19 SMAL/TOSCA TOSCA/TOSCA
Method acc↑ err↓ acc↑ err↓ acc↑ err↓ acc↑ err↓

Diff-FMaps 4.0% 7.1 - - - - - -
3D-CODED 2.1% 8.1 - - 0.5% 19.2 - -
Elementary 2.3% 7.6 - - 0.5% 13.7 - -
CorrNet3D 6.0% 6.9 0.4% 33.8 5.3% 9.8 0.3% 32.7

DPC 17.7% 6.1 15.3% 5.6 33.2% 5.8 34.7% 2.8
HSTR 19.4% 5.6 19.3% 4.9 33.9% 5.6 52.3% 1.2

SE-ORNet 21.5% 4.6 17.5% 5.1 36.4% 3.9 38.2% 2.7
TANet 20.6% 4.8 21.5% 4.5 37.1% 3.7 65.1% 0.7

DiffCorr(ours) 22.53±0.27% 4.31±0.08 22.16±0.35% 4.36±0.07 41.64 ± 0.56% 2.31± 0.12 66.71±1.79% 0.65 ± 0.03

Improvement ∆ 1.03%↑ 0.29↓ 0.66%↑ 0.14↓ 4.54%↑ 1.39↓ 1.61%↑ 0.05↓

Table 2: Main results on four benchmarks. We compare our method with state-of-the-art works on the SURREAL, SHREC’19,
SMAL, and TOSCA benchmarks at an error tolerance of 0.01. Higher accuracy and lower error indicate better performance.
The datasets are divided with the training set listed before the slash and the test set after the slash. The best and second-best
results are highlighted in bold and underlined, respectively.

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

Implementation details. The point cloud network con-
sists of four transformer blocks with embedding dimensions
of (96, 192, 384, 768), and finally, an MLP generates 512-
dimensional point embeddings. In the transformer block, the
number of nearest neighbors for the k-NN mask is set to
k = 27, while for the local cost, k = 16. The channel di-
mension of the conditional diffusion model is 512, and the
number of blocks L is set to 3. For diffusion reverse sam-
pling, we employ the DDIM sampler (Song, Meng, and Er-
mon 2020) and set the diffusion timestep T to 5 during both
the training and sampling phases. The default number of
samples for multiple hypotheses is set to 3 for evaluations
on SHREC’19 and 4 for TOSCA. The entropy regulariza-
tion coefficient ϵ in the Sinkhorn algorithm is set to 1

10 . In
the cycle-consistent matching strategy, Kc is set to 12. The
λ in Equation 9 is set to 0.8. Our implementation utilizes
CUDA 11.3 and PyTorch 1.12.1 (Paszke et al. 2017), run-
ning on a GeForce RTX 3090 device. Model training em-
ploys the AdamW (Loshchilov and Hutter 2017) optimizer
with a learning rate of 5×10−4, a weight decay of 5×10−4,
and a batch size of 4 for 300 epochs. More details will be
provided in the supplementary materials.

Comparison with state-of-the-art methods
In this subsection, we compare DiffCorr with current
state-of-the-art methods on human datasets (SURREAL,
SHREC’19) and animal datasets (SMAL, TOSCA). Table 2
presents the experimental results on the SHREC’19 and
TOSCA datasets, as well as cross-dataset generalization ex-
periments with SURREAL training and SHREC’19 testing
(SURREAL/SHREC’19) and SMAL training and TOSCA
testing (SMAL/TOSCA). With few bells and whistles, the
proposed DiffCorr achieves state-of-the-art performance on
both human and animal benchmarks.

Experiments on human datasets. As shown in Table 2
(SHREC’19/SHREC’19), our DiffCorr achieves new state-
of-the-art results, surpassing HSTR (He et al. 2023) by
2.86% in accuracy and reducing the average correspondence

error by 0.54. To further validate DiffCorr’s generalization
capability on human datasets, we train DiffCorr on SUR-
REAL and test it on SHREC’19. The results in Table 2
(SURREAL/SHREC’19) indicate that DiffCorr outperforms
SE-ORNet (Deng et al. 2023), improving accuracy by 1.03%
and reducing error by 0.29. The improvements substantially
verify the generalization capability of our proposed model.
In addition to these quantitative results, Figure 4 presents a
qualitative comparison with other methods. The visualiza-
tion results more intuitively demonstrate the superiority of
our method.

Experiments on animal datasets. The results in Table 2
(TOSCA/TOSCA) demonstrate that DiffCorr also achieves
new state-of-the-art results on animal datasets. DiffCorr sur-
passes HSTR by 14.41% in accuracy and reduces the er-
ror by 0.55 to a satisfactory 0.65 cm. To further validate
DiffCorr’s generalization capability on animal datasets, we
train DiffCorr on SMAL and test it on TOSCA. As shown
in Table 2 (SMAL/TOSCA), DiffCorr significantly outper-
forms the state-of-the-art method SE-ORNet, with a 5.24%
increase in accuracy and a 1.59 reduction in error, robustly
validating its superior generalization capability. Addition-
ally, Figure 4 presents a qualitative comparison with other
methods, vividly demonstrating the superiority of DiffCorr.

Ablation study
To gain deeper insights into the proposed method, we con-
duct detailed ablation studies in Table 3 to evaluate the ef-
fectiveness of each component in DiffCorr and discuss the
advantages and disadvantages of different designs.

Effectiveness of the transformer-based conditional dif-
fusion model. In Table 3, we validate the effectiveness of the
transformer-based conditional diffusion model and different
conditions (local cost and initial flow). Specifically, compar-
isons [B] vs [A], [C] vs [A] and [D] vs [A] demonstrate that
our proposed diffusion model significantly improves the ac-
curacy. After further adding conditions ([E], [F], [G]), the
accuracy keeps increasing from 62.79% to 66.71%, validat-
ing that the combination of coarse correspondence predic-
tion and local information around the target point can mutu-
ally enhance and better guide the diffusion model to obtain
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Figure 4: Visual comparison on SHREC’19 (trained on SURREAL) and TOSCA (trained on SMAL).

more robust denoising capabilities.

T-CDM LC IF OT CC TOSCA/TOSCA
acc ↑ err ↓

[A] ✗ ✗ ✗ ✗ ✗ 54.58% 1.21
[B] ✓ ✗ ✗ ✓ ✗ 60.82% 0.98
[C] ✓ ✗ ✗ ✗ ✓ 60.15% 1.05
[D] ✓ ✗ ✗ ✓ ✓ 62.79% 0.82
[E] ✓ ✓ ✗ ✓ ✓ 63.65% 0.77
[F] ✓ ✗ ✓ ✓ ✓ 65.31% 0.71
[G] ✓ ✓ ✓ ✓ ✓ 66.71% 0.65

Table 3: Evaluation of the model with different designs on
the TOSCA dataset. T-CDM denotes the transformer-based
conditional diffusion model, LC stands for the local cost, IF
represents initial flow, and OT and CC denote the optimal
transport and cross-consistent matching strategy in the reli-
able pseudo-label generator, respectively.

Effectiveness of the reliable pseudo-label generator. A
major challenge in leveraging the multi-step denoising op-
timization capability of the diffusion model for the unsu-
pervised point cloud shape task is how to effectively con-
strain the learning of the diffusion model. The comparisons
in Table 3 ([B] vs [C] vs [D]) fully validate the rationality of
our designed optimal transport and cross-consistent match-
ing strategy, which can effectively enhance and filter out reli-
able pseudo flows to constrain the learning of the conditional
diffusion model.

Conclusion
In this paper, we propose a conditional diffusion model with
reliable pseudo-label guidance for unsupervised point cloud
shape correspondence, including a transformer-based con-

ditional diffusion model and a reliable pseudo-label gen-
erator. Specifically, the transformer-based conditional dif-
fusion model is introduced to refine the initial coarse pre-
dictions via denoising capabilities with initial correspon-
dences and local structural information as conditions. The
reliable pseudo-label generator filters reliable pseudo-labels
based on point cloud feature similarities for training the
conditional diffusion model. Extensive experiments on the
SHREC’19 and TOSCA benchmarks demonstrate the su-
periority of DiffCorr. Cross-dataset experiments on SUR-
REAL and SMAL further showcase its outstanding gener-
alization capabilities.

Limitations. DiffCorr tactfully incorporates the condi-
tional diffusion model into the unsupervised point cloud
shape correspondence task and achieves new state-of-the-
art results across various datasets. However, DiffCorr also
faces limitations due to the slow inference speed and high
randomness inherent to diffusion models. In real scanning,
background elements increase our failure cases. To address
these issues, we adopt a skip-step sampling strategy (Sun-
dararaman, Pai, and Ovsjanikov 2022) that completes the
denoising process in just five steps, significantly accelerat-
ing the inference speed. Additionally, we implement a multi-
sample averaging strategy to mitigate fluctuations caused by
randomness effectively.
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