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Abstract

We propose a transformation diffusion model for point cloud
registration to balance precision and efficiency. Our method
formulates point cloud registration as a denoising diffusion
process from noisy transformation to object transformation,
which is represented by quaternion and translation. Specifi-
cally, in training stage, object transformation diffuses from
ground-truth transformation to random distribution, and the
model learns to reverse this noising process. In sampling stage,
the model refines randomly generated transformation to the
optimal transformation in a progressive way. We derive the
variational bound in closed form for training and provide
instantiation of the model. Our diffusion model maps trans-
formation into latent space, and splits the transformation into
two components (rotation and translation) based on the fact
that they belong to different solution spaces. In addition, our
work provides the following crucial findings: (i) Point cloud
registration, one of the representative discriminative tasks, can
be solved by a generative way and mapped into latent space to
obtain new unified probabilistic formulation. (ii) Our model,
Transformation Diffusion Model (TDM) can be a plug-and-
play agent for point cloud registration, making our method
applicable to different deep registration networks. Experimen-
tal results on synthetic and real-world datasets demonstrate
that, in correspondence-free and correspondence-based sce-
narios, TDM can both achieve exceeding 60% performance
improvements and higher efficiency simultaneously.

Introduction
With the rapid development of 3D data acquisition technology
(Guo, Zhu, and Chen 2023), point cloud registration, as a
fundamental visual task, plays an crucial role in the 3D vision
field, and has been widely applied in various high-level tasks,
such as 3D scene reconstruction (Guo et al. 2022), object pose
estimation (Jiang et al. 2024), and Simultaneous Localization
and Mapping (SLAM) (Zhu et al. 2022). Given two 3D point
clouds, the goal of point cloud registration is to find a rigid
transformation to align one point cloud to another.

Rigid point cloud registration methods have been evolving
in response to the growing complexity of scenarios. These

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

methods have advanced from the most basic technique of
utilizing regression to predict transformation parameters in
the correspondence-free methods (Huang, Mei, and Zhang
2020; Mei 2021; Mei et al. 2022; Xu et al. 2021), employ-
ing correspondence-based methods (Bai et al. 2021; Choy,
Dong, and Koltun 2020; Huang et al. 2021; Yew and Lee
2022) and leveraging SVD decomposition to obtain rigid
transformations in partially overlapping scenarios. Specif-
ically, in the correspondence-free methods, they are often
necessary to seek differences between global features and
require features to be sensitive to posture. On the basis of
the correspondence-based methods, it is necessary to find the
overlapping parts of the point cloud through precise match-
ing and inlier estimation. However, point cloud registration
faces a fundamental challenge, how to balance precision and
efficiency? Correspondence-free methods tend to prioritize
efficiency but exhibit significantly lower precision compared
to correspondence-based methods, which leverage larger net-
work structures to enhance performance. On the contrary,
employing correspondence-based method enhances precision
but this comes at the expense of efficiency.

Inspired by the remarkable achievements of diffusion mod-
els in generative AI, we adapt diffusion models to handle the
point cloud registration and treat transformation parameters
prediction as a generation task. We argue that the process of
“noise-to-transformation” in point cloud registration is analo-
gous to the process of “noise-to-point cloud” in point cloud
generation, which gradually remove noise from point clouds
to generate point clouds with different shapes. Diffusion mod-
els have achieved significant success in various generative
tasks (Avrahami, Lischinski, and Fried 2022) and recently
have applied in some discriminative tasks (Brempong et al.
2022; Graikos et al. 2022; Wu et al. 2023a). However, the ap-
plication of diffusion models to point cloud registration lags
significantly in discriminative tasks and we aim to ulteriorly
push forward the development of the point cloud registration
pipeline.

Motivated by the discussion above, in this paper, we pro-
pose a Transformation Diffusion Model (TDM) for point
cloud registration from a novel perspective, intending to si-
multaneously achieve higher precision and efficiency. Our
method formulates point cloud registration as a denoising
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diffusion process in H (quaternion space) and R3 (translation
space), respectively. Noted that the diffusion model parallelly
diffuses in two separate spaces based on the fact that they be-
long to different solution spaces. Starting from purely random
transformation (rotation/translation), which do not contain
learnable parameters that need to be optimized in training, we
expect to gradually refine the predicted transformation until
they perfectly align two point clouds. In the training stage,
we employ a variance schedule (Ho, Jain, and Abbeel 2020)
to control the addition of Gaussian noise to the ground-truth
transformation, resulting in noisy transformation. Then we
map transformation into latent space and a denoising network
is constructed to reverse this noising process. We derive the
variational bound in closed form to enable optimize denoising
network. In sampling stage, TDM generates transformation
by reversing the learned diffusion process, which adjusts
a noisy prior distribution to the learned distribution over
transformation. Our diffusion model operates in linear space
rather than in the SE(3) manifold , firstly due to the need for
additional constraint using the Lie algebra se(3) associated
with SE(3) (Jiang et al. 2024), and secondly because the
structure of SE(3) cannot be linearly mapped to the latent
space. In addition, our work, the “noise-to-transformation”
pipeline, provides the following crucial findings: (i) Point
cloud registration, one of the representative discriminative
tasks, can be solved by a generative way and mapped into
latent space to obtain new unified probabilistic formulation.
(ii) Our model, TDM can be a plug-and-play agent for point
cloud registration, making our method applicable to different
deep registration networks. We only need a small number
of sampling steps to improve the registration precision and
efficiency.

To validate the effectiveness of the proposed TDM,
we comprehensively conduct experiments in both
correspondence-based and correspondence-free sce-
narios on the synthetic dataset ModelNet40 (Wu et al.
2015), real-world dataset 3DMatch (Zeng et al. 2017) and
KITTI (Geiger, Lenz, and Urtasun 2012). Experimental
results illustrate that TDM can both achieve exceeding
60% performance improvements and higher efficiency
simultaneously. To summarize, our contributions are as
follows:
• To the best of our knowledge, this is the first study to

apply the diffusion model in H (quaternion space) and R3

(translation space) and map them into latent space for point
cloud registration.

• The customized “noise-to-transformation” pipeline has sev-
eral appealing advantages, such as simpler the diffusion
process and the property of plug-and-play, which allows
TDM to be integrated as a hidden pipeline into all existing
networks.

• We conduct experiments in both correspondence-based
and correspondence-free scenarios. Experimental results
illustrate that TDM can both achieve exceeding 60% perfor-
mance improvements and higher efficiency simultaneously.

Related Works
Point Cloud Registration. Most traditional methods need
a good initial transformation and converge to the local min-

ima near the initialization point. One of the most profound
methods is the Iterative Closest Point (ICP) (Besl and McKay
1992), which begins with an initial transformation and iter-
atively alternates between solving two trivial subproblems:
finding the closest points as correspondence under current
transformation, and computing optimal transformation by
SVD (Kurobe et al. 2020). Though ICP can complete a high-
precision registration, it is susceptible to the initial perturba-
tion and easily prone to local optima. Thus, variants of ICP
have been proposed (Segal, Haehnel, and Thrun 2009; Yang
et al. 2015; Fitzgibbon 2003; Rusinkiewicz 2019). However,
all these methods retain a few essential drawbacks. Firstly,
they depend strongly on the initialization. Secondly, it is dif-
ficult to integrate them into the deep learning pipeline as they
lack differentiability. Thirdly, explicit estimation of corre-
sponding points leads to quadratic complexity scaling with
the number of points (Rusinkiewicz and Levoy 2001), which
can introduce significant computational challenges.

To address the aforementioned problems, learning-based
methods have made significant advancements in recent years,
which are usually divided into correspondence-based meth-
ods (Bai et al. 2021; Yuan et al. 2024a; Yew and Lee 2022;
Yuan et al. 2024b, 2023) and correspondence-free methods
(Huang, Mei, and Zhang 2020; Mei 2021; Mei et al. 2022; Xu
et al. 2021). Specifically, in the correspondence-free meth-
ods, they are often necessary to seek differences between
global features and require them to be sensitive to posture.
Such as PointNetLK (Aoki et al. 2019) incorporates the Lu-
cas & Kanade (LK) algorithm the PointNet (Qi et al. 2017)
to iteratively align the input point clouds. Correspondence-
based methods need to find the correspondences between
point clouds through precise matching and inlier estimation.
However, point cloud registration faces a fundamental chal-
lenge. Correspondence-free methods tend to prioritize effi-
ciency but exhibit significantly lower precision compared to
correspondence-based methods, which leverage larger net-
work structures to enhance performance. On the contrary,
employing correspondence-based method enhances precision
but this comes at the expense of efficiency. In this paper,
we aim to push forward the development of the point cloud
registration pipeline further with diffusion models to address
balancing precision and efficiency.
Diffusion Models. Diffusion models (Ho, Jain, and Abbeel
2020) have emerged as the cutting-edge family of deep gen-
erative models, representing a class of highly advanced deep
generative models. They have broken the long-time domi-
nance of Generative Adversarial Networks (GANs) (Good-
fellow et al. 2020) in the challenging task of image synthesis
(Dhariwal and Nichol 2021) and have also shown potential in
computer vision (Amit et al. 2021). Specifically, in 3D com-
puter vision, there has been a recent surge of research using
generative models for point cloud generation or completion
(Luo and Hu 2021). These models are employed to infer miss-
ing parts and reconstruct complete shapes and hold significant
implications for various downstream tasks, such as 3D recon-
struction, augmented reality, and scene understanding (Vah-
dat et al. 2022). The point diffusion-refinement model (Lyu
et al. 2021) is introduced by conditional denoising diffusion
probabilistic models to generate a coarse completion from
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Figure 1: Our transformation diffusion model-based registration framework.

partial observations. Furthermore, this model establishes a
point-wise mapping between the generated point cloud and
the ground truth. While diffusion models have achieved great
success in generation tasks, their potential for discriminative
tasks has yet to be fully explored. Currently, there are some
pioneering works that apply diffusion models to image seg-
mentation (Wolleb et al. 2022) and object detection (Chen
et al. 2023). However, despite the considerable interest in
this idea, the application of diffusion models to point cloud
registration lags significantly in 3D computer vision.

Transformation Diffusion Model
Point Cloud Registration
Given two point clouds: source point cloud P = {pi ∈ R3 |
i = 1, . . . , N} and template point cloud Q = {qj ∈ R3 |
j = 1, . . . ,M}, point cloud registration aims to estimate a
rigid transformation {R, t} which accurately aligns P and Q.
The transformation can be solved by:

min
R,t

∑
(p∗

i ,q
∗
j )∈H∗

∥R · p∗
i + t − q∗

j∥22, (1)

where H∗ is the set of ground-truth correspondences between
P and Q.

In this paper, we split the transformation into two compo-
nents (rotation and translation) based on the fact that they
belong to different solution spaces:[

R3×3 t3×1

01×3 1

]
∈ SE(3) →

{
[q1, q2, q3, q4] ∈ H
[t1, t2, t3] ∈ R3

(2)

where q1, q2, q3, q4 indicates quaternion and t1, t2, t3 indi-
cates translation.

Overview of Architecture
The existing methods are facing bottlenecks in balancing
precision and efficiency. TDM aims to address this issue by
being a plug-and-play agent that seamlessly integrates into
existing networks across various scenarios. In Appendix, we
explain how TDM seamlessly integrates into existing network
architectures in detail.

Encoder. Encoder takes as input the raw point cloud P and
Q, associated learned features are denoted as FP and FQ, re-
spectively. In correspondence-free and correspondence-based
pipeline, encoder extracts global features and point-wise fea-
tures, respectively. Our implementation follows the encoding
schemes of several classical methods, such as PointNet (Qi
et al. 2017) and DGCNN (Wang et al. 2019). Distinct from ex-
isting point cloud registration methods, we have incorporated
an additional Transformation Encoder (Fully-Connected
layers). Its output is fused with the features of the source
point cloud, serving as a channel for diffusion model. We
standardize the input of Transformation Encoder as a 7D
vectors (include 7 parameters in Equation 2) for ease of en-
coding, enabling seamless conversion even when the ground
truth transformation is in matrix form.
Decoder. To predict transformation, regression and closed-
form solution by SVD are employed separately for
correspondence-free and correspondence-based pipeline. As
mentioned in previous section, TDM operates in H and R3

rather than SE(3) manifold. Therefore, for correspondence-
based pipeline, we convert the predicted transformation ma-
trix into H and R3.

Formulating Point Cloud Registration as Diffusion
Model
Inspired by the remarkable achievements of diffusion models,
we adopt the concept of denoising diffusion to address the
point cloud registration task and propose a transformation
diffusion model-based registration framework. Our method
formulates point cloud registration as a denoising diffusion
process from noisy transformation to object transformation,
which is represented by quaternion and translation. Specif-
ically, in training stage, object transformation diffuse from
ground-truth transformation to random distribution, and the
model learns to reverse this noising process. In sampling
stage, the model refines randomly generated transformation
to the optimal transformation in a progressive way. Noted
that our diffusion process features two critical differences
from the conventional one: (i) Our diffusion process oper-
ates on the two separate linear spaces parallelly, unlike the
diffusion process which acts in SE(3) manifold (Jiang et al.
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2024), thus we do not need the additional constraint using
the Lie algebra se(3) associated with SE(3). (ii) TDM maps
transformation into latent space, rather than diffusing inde-
pendently outside of the network.

TDM includes forward process and reverse process in
the training stage, as shown in Figure 1. Starting from a
transformation distribution (R/t)0 ∼ q ((R/t)0), forward
process q is defined which produces a transformation Markov
chain (R/t)1 → (R/t)2 → . . . → (R/t)T by gradually
adding Gaussian noise at each timestep t. In particular, the
added noise is controled according to a variance schedule
β1, . . . , βT :

q ((R/t)1:T | (R/t)0) =
T∏

t=1

q ((R/t)t | (R/t)t−1) ,

q ((R/t)t | (R/t)t−1) :=N
(
(R/t)t;

√
1− βt(R/t)t−1, βtI

)
.

(3)
A notable property of the forward process is that it admits
sampling (R/t)t at an arbitrary timestep t knowing (R/t)0 in
convenient closed-form evaluation: using the notation αt :=
1− βt and α̃t :=

∏t
s=1 αs, we have

q ((R/t)t | (R/t)0) := N
(
(R/t)t;

√
α̃t(R/t)0, (1− α̃t) I

)
=

√
α̃t(R/t)0 + ϵ

√
1− α̃t, ϵ ∼ N (0, I).

(4)
The forward process variances βt can be learned by reparam-
eterization (Kingma and Welling 2013), or held constant as
hyperparameters. In this work, we fix the forward process
variances βt to constant.

Furthermore, reverse process pθ((R/t)0:T | FP ,FQ) is
defined as a reverse transformation Markov chain (R/t)T →
(R/t)T−1 → . . . → (R/t)0 starting at a standard Gaussian
prior p ((R/t)T ) := N ((R/t)T ;0, I) with a learned denois-
ing network given the learned features of FP and FQ:

pθ((R/t)0:T | FP ,FQ) =

p((R/t)T )
T∏

t=1

pθ((R/t)t−1 | (R/t)t,FP ,FQ),

pθ ((R/t)t−1 | (R/t)t,FP ,FQ) :=

N ((R/t)t−1;µθ ((R/t)t, t) ,Σθ ((R/t)t, t)) ,
(5)

which aims to invert the noise corruption process. Noted
that we map transformation into latent space and use it
as a condition to guide the reverse process. Since cal-
culating q ((R/t)t−1 | (R/t)t) (ground truth reverse pro-
cess) exactly depend on the entire transformation distri-
bution, we approximate q ((R/t)t−1 | (R/t)t) using a neu-
ral network fθ with parameter θ, which is optimized
to predict a mean µθ ((R/t)t, t) and a diagonal covari-
ance matrix Σθ ((R/t)t, t). Intuitively, the forward pro-
cess q ((R/t)t | (R/t)t−1) can be seen as gradually in-
jecting more random noise to the transformation, with
the reverse process pθ ((R/t)t−1 | (R/t)t,FP ,FQ) learn-
ing to progressively remove noise to obtain realistic trans-
formation by mimicking the ground truth reverse process
q ((R/t)t−1 | (R/t)t).

Finally, the variational lower bound of the log-likelihood
is maximized over the training data, and derived as the opti-
mization objective for training the denoising network fθ in
H and R3:

Eq((R/t)0) [− log((R/t)0 | FP ,FQ)] =

− Eq((R/t)0) log

[∫
pθ((R/t)0:T | FP ,FQ)d(R/t)1:T

]
≤ Eq((R/t)0:T )

[
DKL (q ((R/t)T | (R/t)0) ∥p ((R/t)T ))︸ ︷︷ ︸

1⃝

−

log pθ ((R/t)0 | (R/t)1,FP ,FQ)︸ ︷︷ ︸
2⃝

+

∑
t>1

DKL (q ((R/t)t−1 | (R/t)t, (R/t)0)︸ ︷︷ ︸
3⃝

∥

pθ ((R/t)t−1 | (R/t)t,FP ,FQ))︸ ︷︷ ︸
4⃝

]
,

(6)
where the inequality is by Jensen’s inequality and the Bayes’
rule (Sohl-Dickstein et al. 2015).

In the final objective of Equation 6, as the forward
process is fixed and p((R/t)T ) is defined as a Gaus-
sian prior, 1⃝ does not affect the learning of θ. 2⃝
can be regarded as the reconstruction of the original
transformation, which can be computed by estimating
N ((R/t)0;µθ ((R/t)1, 1) ,Σθ ((R/t)1, 1)) and construct-
ing a discrete decoder. Therefore, the ultimate optimization
objective is 3⃝ and 4⃝. Based on Bayes’ theorem, we can
treat the posterior 3⃝ : q ((R/t)t−1 | (R/t)t, (R/t)0) as the
Gaussian distribution:
q ((R/t)t−1 | (R/t)t, (R/t)0) :=

N
(
(R/t)t−1; µ̃ ((R/t)t, (R/t)0) , β̃tI

)
,

(7)
where

µ̃ ((R/t)t, (R/t)0) =
√
α̃t−1βt

1− α̃t
(R/t)0 +

√
αt (1− α̃t−1)

1− α̃t
(R/t)t,

β̃t =
1− α̃t−1

1− α̃t
βt.

(8)
How to choice 4⃝ : pθ ((R/t)t−1 | (R/t)t,FP ,FQ) is

a crucial question by Equation 5. In this paper, we set
Σθ ((R/t)t, t) = σ2

t I, where σ2
t = β̃t, and µθ ((R/t)t, t)

is parameterized:

µθ ((R/t)t, t) = µ̃t

(
(R/t)t,

(R/t)t −
√
α̃tfθ(P,Q,Rt, tt, t)√
1− α̃t

)
,

(9)
where fθ(P,Q,Rt, tt, t) is the output of denoising network.
Noted that this parameterization method predicts (R/t)0
rather than noise. This is a novel configuration designed
specifically for the characteristics of network and point cloud
registration, as predicting (R/t)0 holds practical significance.
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Algorithm 1: Training Stage

while converged do
# Diffusion Preparation
Sample (R/t)0 ∼ q ((R/t)0)
Sample t∼ Uniform({1, . . . , T})
Sample ϵ ∼ N (0, I)
Calculate (R/t)t =

√
α̃t(R/t)0 + ϵ

√
1− α̃t

# Registration by fθ(P,Q,Rt, tt, t)
FP = Encoder(P)
FQ = Encoder(Q)
FG = Transformation Encoder(Rt, tt)
(R/t)pred = Decoder(FP ,FQ,FG)
if Correspondence-Based then

SE(3) → H and R3

end if
Optimize ∇θ(∥(R/t)0 − (R/t)pred∥2 + Lsignal)

end while

Algorithm 2: Sampling Stage

# Registration by fθ(P,Q,Rt, tt, t)
FP = Encoder(P)
FQ = Encoder(Q)
Sample (R/t)T ∼ N (0, I)
for t = T − 1, . . . , 1 do
FG = Transformation Encoder(Rt/tt)
(R/t)pred = Decoder(FP ,FQ,FG)
if Correspondence-Based then

SE(3) → H and R3

end if
# Diffusion Process
(R/t)t−1 =

√
α̃t−1(R/t)pred + σtz+√

1− α̃t−1 − σ2
t
(R/t)t−

√
α̃t(R/t)pred√
1−α̃t

,

z ∼ N (0, I)
end for
return (R/t)0

Finally, the training objective in training stage is changed as
follow:∥∥∥(R/t)0 − fθ

(√
α̃t(R/t)0 +

√
1− α̃tϵ, t

)∥∥∥2 . (10)

This objective is tailored to point cloud registration task,
guiding the refinement of transformation. Based on the afore-
mentioned process, the sampling procedure is calculated by
DDIM (Song, Meng, and Ermon 2020) as follows:

(R/t)t−1 =
√

α̃t−1fθ(P,Q,Rt, tt, t) + σtz+√
1− α̃t−1 − σ2

t

(R/t)t −
√
α̃tfθ(P,Q,Rt, tt, t)√
1− α̃t

,

z ∼ N (0, I).

(11)

Summary
Training Stage. We construct the diffusion process from
ground-truth transformation to noisy transformation and
then train the model to reverse this process. Algorithm

1 provides the process of TDM training procedure. We
add Gaussian noises to the ground truth transformation by
q ((R/t)t | (R/t)0). The noise scale is controlled by αt,
which adopts the monotonically decreasing cosine sched-
ule for αt in different time step t, as proposed in (Nichol and
Dhariwal 2021). Noted that we uniformly transform the ini-
tial input ground truth transformation matrix (R/t)0 into 7D
vectors (composed of a rotation quaternion and a translation)
before encoding, instead of directly utilizing the transforma-
tion matrix. This strategy offers several advantages. Firstly,
it ensures linearity during diffusion process. Secondly, it re-
duces the complexity required for the design of the Transfor-
mation Encoder network. Note that point cloud registration
is not a purely generative task. In addition to Equation 10,
optimization needs to be performed in conjunction with the
loss specific to the task itself Lsignal. Due to the plug-and-
play nature of TDM, Lsignal can represent the original loss
function of the embedded network and does not need to be
modified.
Sampling Stage. The inference procedure of TDM is a de-
noising sampling process from noise to object transformation
(R/t)0. Starting from transformation sampled in Gaussian
distribution, the model progressively refines its predictions,
as shown in Algorithm 2. In sampling stage, data sample
(R/t)0 is reconstructed from noise (R/t)T with the model
fθ(P,Q,Rt, tt, t). The transformation from the last sam-
pling step are sent into the transformation encoder again
until a finite number of iterations have been completed.

Experiments
Setup
We evaluate the proposed method on synthetic dataset Mod-
elNet40 (Wu et al. 2015), real-world dataset 3DMatch
(Zeng et al. 2017) and KITTI (Geiger, Lenz, and Urtasun
2012). Each point cloud contains 2,048 points that randomly
sampled from the mesh faces and normalized into a unit
sphere. We randomly generate three Euler angle rotations
within [0◦, 45◦] and translations within [0, 1] on each axis
as the rigid transformation during training. We compare
our method to traditional methods: ICP (Besl and McKay
1992) and FGR (Zhou, Park, and Koltun 2016), and recent
learning-based methods: PointNetLK (Aoki et al. 2019),
PCRNet(Sarode et al. 2019), DeepGMR (Yuan et al. 2020),
DCP (Wang and Solomon 2019), FMR (Huang, Mei, and
Zhang 2020) and RPMNet (Yew and Lee 2020). In particular,
we additionally included two baselines, RORNet (Wu et al.
2023b) and REGTR (Yew and Lee 2022), in the experiments
on partially overlapping and real-world scenarios, respec-
tively. These baselines encompass correspondence-based and
correspondence-free scenarios, and correspondence-based
methods exhibit larger network scales than correspondence-
free methods. Additionally, some baselines iteratively exe-
cute the model to refine transformation precision by updating
source point cloud, significantly impacting their efficiency.
Therefore, these baselines contribute to demonstrating the
plug-and-play nature and higher efficiency of TDM. The fol-
lowing evaluation metrics are used for fair comparison with
previous work: Root Mean Squared Error (RMSE), Mean
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Method RMSE(R) RMSE(t) MAE(R) MAE(t) ERROR(R) ERROR(t)

(a) Completely Overlapping Scenarios

ICP (Besl and McKay 1992) 21.2084 0.2874 11.7468 0.1686 23.1548 0.3497
PointNetLK (Aoki et al. 2019) 7.4796 0.5820 1.7362 0.4907 4.0421 0.9741
DeepGMR (Yuan et al. 2020) 34.1993 0.4495 23.5162 0.3291 45.7786 0.6758
FGR (Zhou, Park, and Koltun 2016) 9.5964 0.1186 1.9971 0.0268 4.3337 0.0582
DCP (Wang and Solomon 2019) 15.7183 0.2002 10.7846 0.1340 20.8744 0.2740
FMR (Huang, Mei, and Zhang 2020) 6.8525 0.5851 1.5962 0.4886 3.8090 0.9751

PCRNet (Sarode et al. 2019) 19.8457 0.2288 10.2498 0.1168 19.0487 0.2442
TDM-PCRNet 3.3411 0.0459 1.6935 0.0217 3.2637 0.0451
Improvement ↑ 16.5046 0.1829 8.5563 0.0951 15.7850 0.1991

RPMNet (Yew and Lee 2020) 8.0357 0.0841 1.4399 0.0170 2.9619 0.0357
TDM-RPMNet 1.1064 0.0188 0.7211 0.0126 1.3023 0.0261
Improvement ↑ 6.9293 0.0653 0.7188 0.0044 1.6596 0.0096

(b) Partially Overlapping Scenarios

ICP (Besl and McKay 1992) 24.8634 0.3520 14.8698 0.2211 29.1252 0.4610
PointNetLK (Aoki et al. 2019) 22.1867 0.5812 13.1504 0.4786 26.1196 0.9633
PCRNet (Sarode et al. 2019) 21.7402 0.2902 14.2114 0.1990 28.2444 0.4061
DeepGMR (Yuan et al. 2020) 34.6393 0.4706 24.7054 0.3465 47.8755 0.7078
FGR (Zhou, Park, and Koltun 2016) 22.7562 0.2641 8.9966 0.1110 17.2071 0.2289
DCP (Wang and Solomon 2019) 24.0230 0.3686 17.8908 0.2772 34.1244 0.5633
RORNet (Wu et al. 2023b) 4.5100 0.1613 3.2594 0.1313 6.1898 0.2571
FMR (Huang, Mei, and Zhang 2020) 15.5280 0.5772 9.5682 0.4777 19.0777 0.9595

RPMNet (Yew and Lee 2020) 11.0629 0.1912 5.7625 0.1229 11.7768 0.2598
TDM-RPMNet 3.8624 0.0864 2.6531 0.0610 4.8977 0.1270
Improvement ↑ 7.2005 0.1048 3.1094 0.0619 6.9791 0.1328

Table 1: Evaluation results on ModelNet40. Bold indicates the best performance.

Absolute Error (MAE), and Relative Error/Isotropic Error
(ERROR).

Evaluation on ModelNet40
TDM for Completely Overlapping Scenarios. We ini-
tially investigate the performance of TDM in the completely
overlapping scenarios on ModelNet40. We opt to employ
PCRNet and RPMNet, which demonstrate promising per-
formance, to establish our denoising network and generate
their corresponding diffusion variants: TDM-PCRNet and
TDM-RPMNet. Table 1(a) shows quantitative results of the
various algorithms. We observe TDM-RPMNet achieves the
highest precision across all rotation and translation metrics.
Moreover, both TDM-PCRNet and TDM-RPMNet outper-
form their respective baselines, PCRNet and RPMNet, by
a substantial margin, particularly impressive for the 83%↑
and 86%↑ at RMSE(R) improvements achieved by TDM-
PCRNet and TDM-RPMNet. It is worth noting that the meth-
ods augmented with TDM can achieve better performance
without updating the source point cloud strategy, whereas the
original method requires multiple updates to the source point
cloud to refine the predicted transformations.
TDM for Partially Overlapping Scenarios. We attempt to
validate the performance of TDM in currently more prevalent
partially overlapping scenarios. Acquisition of partial point
clouds is a common situation in the real-world, therefore this
is a more extensive and difficult task. We crop the source
point cloud P and the template point cloud Q respectively,
and retain 70% of the points. Noted that, the quantity of

points in two point clouds is still consistent after cropping.
In this experiment, we exclusively employed TDM-RPMNet,
as specialized methods like PCRNet designed specifically
for completely overlapping scenarios lack representativeness
in partially overlapping scenarios. We verify quantitatively
in Table 1(b) and experimental results illustrate that TDM-
RPMNet consistently outperforms the compared methods
across nearly all rotation and translation metrics, yielding
remarkable improvements over its baseline RPMNet.

Evaluation on 3DMatch and KITTI
We conduct experiments on the real-world datasets: 3DMatch
(indoor) (Zeng et al. 2017) and KITTI odometry (outdoor)
(Geiger, Lenz, and Urtasun 2012).

To be consistent with the input of ModelNet40, each input
point cloud is randomly sampled to an average of 2,048
points. As shown in Table 2, we observe that TDM can still
achieves significantly improved performance on real-world
datasets across all rotation and translation metrics, confirming
the exceptional generalization capability of our denoising
network.

Ablation Studies and Disscussion
Precision vs. Efficiency. We test the efficiency of TDM in
Table 3. The run time is evaluated on a NVIDIA RTX 3090
GPU with a mini-batch size of 1. The experimental results
show that TDM can significantly enhance the efficiency of
the original model without sacrificing precision. Such supe-
rior performance and efficiency can be primarily attributed to
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Method KITTI 3DMatch
RMSE

(R)
RMSE

(t)
MAE
(R)

MAE
(t)

ERROR
(R)

ERROR
(t)

RMSE
(R)

RMSE
(t)

MAE
(R)

MAE
(t)

ERROR
(R)

ERROR
(t)

ICP (1992) 18.9487 0.5466 12.6160 0.3563 20.6026 0.7752 25.4376 0.8635 13.9470 0.4202 25.7505 0.8614
PointNetLK (2019) 7.0309 0.6846 0.8580 0.5257 1.4041 1.0589 2.1669 0.5779 0.3797 0.4792 0.6542 0.9653
PCRNet (2019) 33.0369 6.8900 22.3317 5.4069 39.5509 10.7703 32.5824 1.3655 25.3004 1.0562 49.4726 2.1123
DeepGMR (2020) 46.6050 0.4386 25.8622 0.2657 44.0679 0.5785 38.3840 1.2166 26.2025 0.8146 48.0517 1.6224
FGR (2016) 13.9026 1.3483 1.7946 0.1454 3.2000 0.3053 1.5866 0.0810 0.2477 0.0099 0.4764 0.0200
DCP (2019) 18.1473 10.7517 12.8834 7.4273 22.4225 16.3362 29.7272 1.2919 23.0550 0.9689 44.0671 1.9137
FMR (2020) 7.5326 0.7692 1.4277 0.5663 2.2495 1.1334 3.3293 0.5690 0.6072 0.4712 1.0811 0.9423
REGTR (2022) 0.9315 0.0867 0.5668 0.0490 1.0870 0.0994 4.5614 0.1856 3.1127 0.1305 5.9027 0.2673

RPMNet (2020) 35.9824 0.7544 19.4641 0.3966 34.4617 0.8745 21.1454 0.4963 8.3353 0.2179 15.5514 0.4395
TDM-RPMNet 0.8222 0.0248 0.4654 0.0154 0.9652 0.0335 0.1864 0.0069 0.1300 0.0044 0.2379 0.0091
Improvement ↑ 35.1602 0.7296 18.9987 0.3812 33.4965 0.8410 20.9590 0.4894 8.2053 0.2135 15.3135 0.4304

Table 2: Evaluation results on KITTI and 3DMatch. Bold indicates the best performance.

three factors: (i) TDM does not necessitate refinement trans-
formation by updating the source point cloud many times,
ensuring that the encoder of the source point cloud is not
repeatedly utilized, thereby improving efficiency. (ii) The
diffusion and optimization objectives (Equation 6) in H and
R3 are highly reliable, requiring only a small number of
sampling steps to achieve the optimal value. (iii) TDM can
stably replace other refinement transformation strategies, es-
pecially those that require multiple executions of the network,
significantly reducing the model inference efficiency. This ex-
periment serves as crucial evidence demonstrating that TDM
can strike a balance between precision and efficiency.

Method MAE(R) MAE(t) ERROR(R) ERROR(t) Time(s)

ICP 11.7468 0.1686 23.1548 0.3497 0.0042
PointNetLK 1.7362 0.4907 4.0421 0.9741 0.7111
DeepGMR 23.5162 0.3291 45.7786 0.6758 0.1053
FGR 1.9971 0.0268 4.3337 0.0582 0.0916
DCP 10.7846 0.1340 20.8744 0.2740 0.2819
FMR 1.5962 0.4886 3.8090 0.9751 1.0472

PCRNet 10.2498 0.1168 19.0487 0.2442 1.2318
TDM-PCRNet 1.6935 0.0217 3.2637 0.0451 <10-7

RPMNet 1.4399 0.0170 2.9619 0.0357 0.1626
TDM-RPMNet 0.7211 0.0126 1.3023 0.0261 0.0298

Table 3: Precision vs. Efficiency on ModelNet40.

Any Other Diffusion Objects? In our work, TDM directly
predicts object transformation from a random transforma-
tion by quaternion and translation. A natural idea arises: Is it
possible to employ other transformation representation as dif-
fusion object? We conduct an experiment in TDM-PCRNet
on completely overlapping ModelNet40. Specifically, we re-
place quaternion (in H) and translation (in R3) into rotation
Euler angle (in R3) and translation (in R3), the distinction
lies in the method of representing rotation. The experimental
results on TDM-PCRNet are illustrated in Table 4. We ob-
serve that utilizing Euler angles does not yield performance
enhancements, primarily due to the significant disparity in
the scale of values between Euler angles and translation vec-
tors. This incongruence introduces singularities into the linear
noise processes for diffusion model.

Method MAE(R) MAE(t) ERROR(R) ERROR(t)

H and R3 1.6935 0.0217 3.2637 0.0451
R3 and R3 13.7668 0.1748 24.0548 0.3467

Table 4: Experimental results on different diffusion objects.

How to Fuse Noisy Transformation? As mention in pre-
vious subsection, in our work, we utilize a Transformation
Encoder to obtain the noisy transformation feature FG , and it
is fused with the feature of source point cloud FP . Addition-
ally, we have also explored two alternative approaches: (A)
concatenating all features and (B) fuse FG with the feature
of template point cloud FQ. The experimental outcomes are
illustrated in Table 5. Practice proves that the model using
approach A fails to converge and exhibits extreme instability.
Furthermore, the fused approach B demonstrates no signifi-
cant variation in performance.

Approaches MAE(R) MAE(t) ERROR(R) ERROR(t)

(A) FG ⊕FP ⊕FQ - - - -
(B) FP ⊕ (FG + FQ) 1.7959 0.0231 3.4632 0.0478
(C) (FG + FP)⊕FQ 1.6935 0.0217 3.2637 0.0451

Table 5: Experimental results on different approaches to fuse
noisy transformation. ⊕ represents concatenation.

Conclusion
In this paper, we aim to push forward the development of the
point cloud registration pipeline further with TDM to address
balancing precision and efficiency, which formulates point
cloud registration as a denoising diffusion process from noisy
transformation to object transformation. Our model can be a
plug-and-play agent for point cloud registration, making our
method applicable to different deep registration networks.

To further explore the potential of diffusion model to solve
point cloud registartion tasks, several future works are bene-
ficial. An attempt is to apply TDM to multimodel tasks, for
example, utilizing the image as the condition to guide point
cloud registration.
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