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Abstract

Point Cloud Registration (PCR) estimates the relative
rigid transformation between two point clouds. We pro-
pose formulating PCR as a denoising diffusion probabilis-
tic process, mapping noisy transformations to the ground
truth. However, using diffusion models for PCR has non-
trivial challenges, such as adapting a generative model to a
discriminative task and leveraging the estimated nonlinear
transformation from the previous step. Instead of training a
diffusion model to directly map pure noise to ground truth,
we map the predictions of an off-the-shelf PCR model to
ground truth. The predictions of off-the-shelf models are
often imperfect, especially in challenging cases where the
two points clouds have low overlap, and thus could be seen
as noisy versions of the real rigid transformation. In addi-
tion, we transform the rotation matrix into a spherical lin-
ear space for interpolation between samples in the forward
process, and convert rigid transformations into auxiliary in-
formation to implicitly exploit last-step estimations in the
reverse process. As a result, conditioned on time step, the
denoising model adapts to the increasing accuracy across
steps and refines registrations. Our extensive experiments
showcase the effectiveness of our DiffusionPCR, yielding
state-of-the-art registration recall rates (95.3%/81.6%) on
3DMatch and 3DLoMatch.

1. Introduction

Point Cloud Registration (PCR) aims to find the optimal
rigid transformation between two given point clouds. The
classical approach to doing so is the Iterative Closest Point
(ICP) algorithm [9], which pairs points across the two point
clouds and minimizes their Euclidean distance in coordi-
nate space. However, ICP’s vulnerability to local minima,
stemming from its non-convex and iterative nature, neces-
sitates precise initialization to avoid getting trapped in sub-
optimal solutions. While the Branch-and-Bound variants
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Figure 1. DiffusionPCR aligns two point clouds, yellow and blue,
depicting partial views of the same scene, with only a small over-
lapping region (top right). Top row: DiffusionPCR starts with an
initialization from a pre-trained network that does not register the
point clouds perfectly and refines the result in a multi-step manner.
Bottom row: Inlier ratio visualization, where green and red lines
indicate correct and incorrect matches, respectively. RE, TE, and
IR stand for rotation error (↓), translation error (↓), and inlier ratio
(↑), respectively. (Best viewed on a screen when zoomed in).

of ICP [10, 55] introduce global optimizations, they suffer
from low efficiency and limited applicability in certain sce-
narios [24]. Recently, learning-based methods, particularly
feature-matching techniques, have become predominant in
PCR [2, 18, 29, 36, 54, 59, 61]. These methods train neu-
ral networks to establish point correspondences [37, 54, 59]
and use robust estimators to determine the relative transfor-
mation [5, 14, 19, 22].

While learning-based methods achieve impressive per-
formance on several benchmarks, low-overlapping scenar-
ios, as illustrated in Fig. 1, remain a challenge. This is be-
cause PCR searches for a transformation that minimizes the
average distance between ground-truth point pairs. How-
ever, ground-truth pairing information is unknown and thus
feature-based methods may erroneously match objects that
are not part of the common region, leading to inaccuracies
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in registration. In Fig. 1, the left wall, chair, and table are
not in the overlapping region, and ideally should not be
matched with any region.

The recent work PEAL [61] employs a network to re-
fine estimates of pre-trained models using one-way self-
attention to focus on predicted overlapping regions. Re-
peating this process multiple times is feasible, but PEAL’s
approach does not adjust to the iterative improvements in
registration accuracy, leading to suboptimal performance.

Drawing inspiration from the gradual refinement in dif-
fusion models [20, 32, 34, 35, 39], we introduce a denois-
ing diffusion process for multi-step point cloud registra-
tion. Yet, applying diffusion models to PCR presents unique
challenges. First, the rotation matrix R ∈ R3×3 is not in
linear space, making it difficult to define interpolation and
other operations used in the diffusion process. Second, un-
like generative tasks that aim to produce diverse outputs,
given two point clouds, a vast portion of the transformation
space can be discarded leaving limited room for predictions.
Setting diffusion’s convergence state to pure random noise
makes most training inputs worse than an off-the-shelf PCR
model’s estimation and learning to map this registration to
ground truth is not effective nor efficient. Third, learning-
based PCR methods do not take a transformation as input
to the network, making it hard to consider the previous step
estimates.

To tackle these difficulties, we design DiffusionPCR, a
multi-step PCR framework. First, considering the nonlin-
earity of the rotation matrix, we define rotation in the spher-
ical linear space [46]. Second, to make the network focus
on the refinement stage, we train the diffusion model to map
an off-the-shelf PCR model’s prediction to the ground truth.
Finally, in the reverse diffusion process, to make full use
of the previous input, we implicitly consider the previous
transformation estimate by first converting it to an overlap-
ping region, and propose a novel one-way cross-attention
layer to focus on the estimated overlapping regions. More-
over, we use the strategy of ensemble of expert denoisers [6]
to boost performance.

Our extensive experiments on three benchmarks demon-
strate DiffusionPCR’s effectiveness. Our method achieves
state-of-the-art registration recall rates (95.3%/81.6%) on
the 3DMatch and 3DLoMatch benchmarks. Furthermore,
we also show that our method is general enough and can
exploit different types of prior distribution beyond the one
it is trained on. In summary, the effectiveness of Diffusion-
PCR comes from the following contributions:
• DiffusionPCR introduces diffusion models to point cloud

registration, and we demonstrate their effectiveness.
• We propose a one-way cross-attention mechanism that fo-

cuses on the pre-aligned overlapping regions of the two
point clouds, resulting in better feature learning.

• We design a diffusion pipeline for PCR, which models

rotation in spherical linear space, noise converges to the
prior of a pretrained network’s estimation, and leverages
an ensemble of expert denoisers. DiffusionPCR yields
state-of-the-art recall rates on 3DMatch and 3DLoMatch.

2. Related Work

Point Cloud Registration (PCR) estimates the rigid trans-
formation (rotation and translation) between two point
clouds. The most widely used methods for PCR tasks
are the Iterative Close Point [9] and its variants, such
as ICP-Plane [13], Gen-ICP [43], Go-ICP [55], and
GOGMA [10]. The other mainstream solution for PCR is
feature-matching-based methods. These methods form cor-
respondences by building and matching point feature de-
scriptors, and then use the robust estimator to remove out-
liers and recover the relative pose. Traditional descriptors
are usually designed by leveraging the local geometric at-
tributes [40, 41] or histograms of spatial distribution [23,
50]. Some learning-based methods [1, 18] design local ex-
tractors for enhanced feature representation. Recent ad-
vancements, spurred by the Transformers, have led to meth-
ods [2, 12, 29, 36, 54, 59, 60] incorporating attention oper-
ations into PCR networks for robust results. Additionally,
some methods [5, 14, 16, 19, 65] introduce robust estima-
tors for improving alignment from feature correspondences.
Besides, researchers also propose deep learning-based end-
to-end registration frameworks [3, 15, 53, 57, 58, 62]. Nev-
ertheless, these approaches tend to fail in challenging sce-
narios such as low-overlapping point clouds. Our work
adopts a diffusion model for multi-step registration, aug-
menting registration with auxiliary information of estimated
overlapping regions and adapting the denoising model to
different amounts of noise, thus improving registration re-
call and robustness.

Using Diffusion Models for Perception Tasks. Diffusion
models are a class of generative models that define the gen-
eration process using hierarchical variational autoencoders
(HVAE) [28, 33] and achieve remarkable results in image
generation [20]. Beyond images, researchers also explored
using diffusion models for generating other modalities, such
as point clouds [64], voxels [66], and text [31, 56].

The efficacy of diffusion models in generative tasks has
inspired many researches to use it for discriminative tasks,
such as stereo [45], monocular pose estimation [26, 44],
monocular depth estimation [21, 42], camera pose esti-
mation [52], semantic segmentation [8], instance segmen-
tation [27], crowd counting [38, 67], and object detec-
tion [11]. However, their application to PCR remains un-
explored. We introduce a novel approach that reformulates
PCR as a conditional diffusion process on the rigid transfor-
mation, conditioned on the two point clouds to be aligned.
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Figure 2. One registration step of DiffusionPCR. (1) For two overlapped point clouds P and Q, we extract super points (FS
P , FS

Q) and fine
points (FF

P , FF
Q ) using KPConv. (2) We learn matchable superpoint-wise features using Transformers. Here MHA stands for multi-head

attention. Instead of using simple self and cross attention, we leverage the overlapping information from the previous step Xt using one-
way self and cross attention. (3) We calculate the patch-wise correspondence map. (4) We propagate patch-wise correspondences to fine
correspondences. (5) We obtain the final estimate using a robust estimator. (Best viewed on a screen when zoomed in)

3. Preliminaries
We begin by defining two core concepts: The Point Cloud
Registration (PCR) task, and diffusion models.
Point Cloud Registration (PCR). PCR is defined as fol-
lows: Given two partially overlapped point clouds, denoted
as the source point cloud (P = {pi ∈ R3|i = 1, ..., N})
and the target point cloud (Q = {qj ∈ R3|j = 1, ...,M}),
the objective is to recover the relative rigid transformation,
X = {R, t}, that aligns their overlapping region.
Diffusion Models [28] is a special type of latent variable
model where the approximate posterior is fixed to a Markov
chain that gradually degrades the data sample x0. In vanilla
image diffusion models, Ho et al. [28] define the degrada-
tion function as adding Gaussian noise, N(0, I), resulting
in a closed-form distribution conditioned on the time step t:

q (xt | x0) = N
(
xt;

√
ᾱtx0, (1− ᾱt) I

)
. (1)

The hyper-parameter α is chosen as α2
t = 1−σ2

t to preserve
variance. In the reverse process, diffusion models recover
the data sample x0 from the noised sample. The model is
parameterized by a neural network. To train diffusion mod-
els, a simple reconstruction loss is usually employed, where
the original weighting term is dropped for empirically better
results [28]. This loss is defined as

Lsimple (θ) := Et,x0,ϵ

[∥∥ϵ− ϵθ
(√

ᾱtx0 +
√
1− ᾱtϵ, t

)∥∥2] .
(2)

At inference time, Ho et al. [28] generate samples by ex-
ecuting the reverse process sequentially, resulting in low
sampling efficiency. Therefore, DDIM [47] proposes a
non-Markovian forward process capable of generating high-
quality samples with much fewer sampling steps.

4. Conditional Diffusion on Rigid Transforma-
tions

We formulate our multi-step point cloud registration as a
conditional diffusion process. Following the literature on
diffusion models [28, 47], the training stage mainly con-
tains two processes: a forward process and a reverse pro-
cess. In our context, the forward process gradually degrades
the ground-truth rigid transformation to a prior distribution.
In the opposite direction, the reverse process takes the noisy
transformation as input and recovers the ground-truth align-
ment. At inference time, we sample a series of gradually de-
creasing time steps, and infer the result of the current step
by inputting the registration of the previous step. In this
section, we discuss the details of the forward, reverse, and
sampling processes.

4.1. Forward Diffusion Process

Following other generative tasks such as image generation,
where degradation applies to images, our PCR diffusion
model targets degrading the rigid transformation (rotation
R and translation t). For the degradation function’s con-
vergence state, instead of pure Gaussian noise, we opt for
an off-the-shelf PCR model’s prediction. This strategy sim-
plifies the search towards the ground truth, encouraging the
network to focus on refining an initial registration. A sim-
ilar design choice of constraining the convergence state to
be close to ground truth has been studied in the literature for
different tasks [11, 45]. The predictions of the off-the-shelf
PCR model are imperfect and can be seen as noisy versions
of the ground-truth rigid transformations. Second, given the
two point clouds and the parameters of the pre-trained net-
work, the prior and ground-truth rigid transformation can
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be considered as the Dirac Delta distribution [7]. Then, we
can randomly sample an interpolation factor according to
the time step and interpolate between the clean data and the
noisy prediction to obtain our noisy training data.

Formally, the degradation function in our method is de-
fined as follows:

Rt = Slerp(Rprior
quat ,R

gt
quat;

√
αt) ,

tt = (1−
√
αt) · tprior +

√
αt · tgt ,

(3)

where Slerp(·, ·; ·) is the spherical linear interpolation [46];
Rgt

quat and Rprior
quat are the quaternion forms of the prior and

ground-truth rotation; tprior and tgt are the prior and ground-
truth translation; αt is the fusion parameter determined by
the time step t, which we adopt from [28]. With a smaller
t, αt approaches 1, aligning Rt, tt more closely with the
ground truth, while a large t shifts Rt, tt towards the prior
rigid transformation. The Slerp function ensures a smooth
transition in rotation between these states.

4.2. Reverse Diffusion Process

Network backbone. We adopt GeoTransformer [36] as the
backbone of our reverse process, depicted in Fig. 2. Our
network consists of five stages. (1) Feature extraction uses
the KP-Conv [49], a point-based convolution network to ex-
tract features. It gradually down-samples the point cloud in
the encoding part to extract sparse points called superpoints
with features. It then contains a decoding part, which up-
samples the superpoints to get the final fine points. Using
the point-to-node strategy [30], each fine point will be allo-
cated to a superpoint, and each superpoint will form a point
patch. (2) Feature interaction leverages multi-head attention
operations on the two superpoint sets to learn matchable
features. (3) Coarse matching computes the correspondence
map based on feature similarity, and matches the superpoint
by finding the top-k entries. (4) Fine matching performs
the fine point matching within the patch correspondences
obtained by the coarse matching and gets the fine corre-
spondences. (5) Rigid transformation estimation processes
the fine correspondences using a robust estimator, such as
RANSAC [22] or LGR [36], to recover the pose.
Reverse diffusion process. Different from the vanilla Geo-
Transformer, which takes as input only two point clouds,
our denoising network needs to incorporate the previous es-
timates. From an optimization perspective, the optimal rigid
transformation is obtained by minimizing the average pair-
wise distance inside the overlapping region, and our intu-
ition is that the overlapping information will help the net-
work to focus on these regions, and leverage this estimated
overlapping region to create a more discriminative common
feature space.

More specifically, we inject overlapping information via
one-way attention operations. One-way attention is similar
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Figure 3. One-way cross-attention. In cross-attention, taking
the source point cloud P as an example, to reduce the influence
of non-overlapping regions on the learned features, our one-way
cross-attention uses the points in the overlapping region FA

Q as
keys and values of the attention operation. Note that if we set FA

P
as FA

Q , i.e., use self-attention, we get one-way self-attention. (Best
viewed on a screen when zoomed in)

to a masking operation, which has been widely used in the
Transformer literature [17]. It gives higher weights to spe-
cific regions determined by priors. PEAL [61] introduces
one-way attention to PCR and augments the features by fo-
cusing on the overlapping regions in the point cloud itself.
Inspired by this, we propose a more general one-way atten-
tion that attends to both intra- and inter-point cloud over-
lapping regions, arguing that the two overlapping point sets
could be complementary. This allows our model to implic-
itly take the registration result of the last step into account.

To formulate the one-way attention, given two point
clouds P , Q and a transformation estimate Xt = {Rt, tt},
we determine the overlapping points in P as

PS
A = {PS

i |max(O(Xt(PS
i ),QS

j )) > 0},QS
j ∈ QS , (4)

where Xt(PS
i ) transforms the patches corresponding to PS

i

by Xt, and O(·, ·) computes the overlap between two point
patches. We call these points anchor points. The anchor
points in the target point cloud QS

A are defined similarly. We
name the remaining points as non-anchor points, denoted as
PS
N and QS

N .
Then, we perform the attention operation between the

anchor points and the non-anchor points, as shown in Fig. 3.
Formally, the one-way attention (OA) can be written as

OA(FA, FN ) = FN +MLP(FN + w × V A),

w = softmax(QN (KA)T /
√
D),

(5)

where FA and FN are the features of the anchor points
and the non-anchor points, respectively. Here, we omit the
source point and target point subscripts for brevity. QN ,
KA, and V A are produced by applying linear transforma-
tions to FA and FN . Instead of taking the anchor points
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Figure 4. Top row: Graphical model for DiffusionPCR. Bottom
row: Illustration of match accuracy of each step. The green and
red lines indicate correct and wrong matches, respectively. (Best
viewed on a screen when zoomed in)

and non-anchor points from the same point cloud, as in one-
way self-attention, we propose to take the anchor points and
non-anchor points from the counterpart point cloud, result-
ing in one-way cross-attention (Fig. 3). To further boost
performance, we use an ensemble of denoisers as in [6].

4.3. Sampling Process

In the testing phase, as shown in Fig. 4, we sample dif-
ferent time steps and recover the final result gradually.
Vanilla diffusion models use DDPM [28], which requires
sampling many steps, resulting in low sampling efficiency.
Instead, we use DDIM [47], which is capable of generat-
ing high-quality samples with much fewer sampling steps.
DDIM’s inference has a hyper-parameter controlling how
much noise is introduced during sampling. We empirically
find the zero-noise option, i.e., deterministic sampling, to
perform better. We speculate the reason to be that this
scheme is more closely aligns with the training phase.

4.4. Loss Functions

To train the diffusion model, we adopt the same training
losses as GeoTransformer [36], which combines an overlap-
aware circle loss Loc and a point matching loss Lp, i.e.,

L = Loc + Lp. (6)

The overlap-aware circle loss is an extension of the circle
loss [48] that focuses more on the positive samples with
high overlap. The point-matching loss is a negative log-
likelihood loss on the fine point correspondences.

5. Experiments
5.1. Implementation Details

For a fair comparison with the baselines, we follow Geo-
Transformer [37] in our implementation details and experi-
ments. Before feeding the point clouds into our network, we
down-sample them using voxel grids, where the voxel size
is set as 2.5cm and 30cm for the 3DMatch/3DLoMatch and
KITTI benchmarks, respectively. Considering the fact that,
on average, the KITTI benchmark has more points in each

point cloud than 3DMatch/3DLoMatch, following Geo-
Transformer, we employ a 5-stage KP-Conv for KITTI, and
a 3-stage KP-Conv for 3DMatch/3DLoMatch. We train the
KITTI model for 80 epochs and the 3DMatch/3DLoMatch
models for 20 epochs, taking around 48h on a single V100
GPU. In the denoising network, we repeat the attention
module three times.

5.2. Indoor Scenes: 3DMatch & 3DLoMatch

Datasets. Following previous works [36, 54, 59], we evalu-
ate our method on the 3DMatch [63] and 3DLoMatch [29]
benchmarks. These two datasets are created from 62 RGB-
D scenes, of which 46, 8, and 8 scenes are used for training,
validation and testing, respectively. A crucial distinction is
3DLoMatch’s lower overlap ratio (10% – 30%) compared
to 3DMatch’s > 30%.
Metrics. We adopt Predator’s[29] metrics and report Regis-
tration Recall (RR), Feature Matching Recall (FMR) and In-
lier Ratio (IR) across varying numbers of correspondences.
RR measures the percentage of point cloud pairs aligned
within an RMSE (Root Mean Square Error), i.e., RMSE <
0.2m). IR represents the ratio of correspondences within
a residual threshold under the true transformation, while
FMR evaluates the fraction of point cloud pairs whose IR
exceeds 5%.
Registration results. Tab. 1 compares our method with
recent deep learning-based baselines, including 4 local de-
scriptors (FCGF, D3Feat, SpinNet, and YOHO), and 9
Transformer-based methods (REGTR, Predator, CoFiNet,
GeoTransformer, OIF-Net RoITR, BUFFER, PEAL, and
SIRA-PCR). We follow Predator [29]’s protocol, sampling
5 different numbers of correspondences (5000, 2500, 1000,
500, 250) for each method and evaluate the results. As
REGTR and BUFFER directly output the final rigid trans-
formation, they are excluded from correspondence metrics.
PEAL can use either 2D or 3D information as prior. While
the official 3DMatch and 3DLoMatch datasets do not give
the 2D information, PEAL generates the 2D prior by itself.
Since the remaining methods do not need the 2D informa-
tion, in Tab. 1, we report the result of PEAL using a 3D
prior as input for a fair comparison. We compare the PEAL-
2D with our method in a separate table (Tab. 2). Note
that PEAL and our method both adopt iterative optimiza-
tion, and we use the same number of steps (set to 5) in our
experiments.

RR directly reflects the success rate of registration
(RMSE smaller than a threshold), and thus usually is con-
sidered as the most important metric. As shown in Tab. 1,
our method achieves the highest RR by sampling different
numbers of correspondences. Our method significantly out-
performs all one-pass methods, i.e., the methods that di-
rectly use the single-step network to estimate the results,
such as our backbone GeoTransformer. Compared with
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3DMatch

RR (%) ↑ IR (%) ↑ FMR (%) ↑
Method Reference 5000 2500 1000 500 250 5000 2500 1000 500 250 5000 2500 1000 500 250

D
es

cr
ip

to
r FCGF ICCV2019 [18] 85.1 84.7 83.3 81.6 71.4 56.8 54.1 48.7 42.5 34.1 97.4 97.3 97.0 96.7 96.6

D3Feat CVPR2020 [4] 81.6 84.5 83.4 82.4 77.9 39.0 38.8 40.4 41.5 41.8 95.6 95.4 94.5 94.1 93.1
SpinNet CVPR2021 [1] 88.6 86.6 85.5 83.5 70.2 47.5 44.7 39.4 33.9 27.6 97.6 97.2 96.8 95.5 94.3
YOHO ACM MM2022 [51] 90.8 90.3 89.1 88.6 84.5 64.4 60.7 55.7 46.4 41.2 98.2 97.6 97.5 97.7 96.0

Tr
an

sf
or

m
er

-b
as

ed

REGTR CVPR2022 [58] 92.0 - -
Predator CVPR2021 [29] 89.0 89.9 90.6 88.5 86.6 58.0 58.4 57.1 54.1 49.3 96.6 96.6 96.5 96.3 96.5
CoFiNet NeurIPS2021 [59] 89.3 88.9 88.4 87.4 87.0 49.8 51.2 51.9 52.2 52.2 98.1 98.3 98.1 98.2 98.3

GeoTransformer CVPR2022 [36] 92.0 91.8 91.8 91.4 91.2 71.9 75.2 76.0 82.2 85.1 97.9 97.9 97.9 97.9 97.6
OIF-Net NeurIPS2022 [54] 92.4 91.9 91.8 92.1 91.2 62.3 65.2 66.8 67.1 67.5 98.1 98.1 97.9 98.4 98.4
RoITr CVPR2023 [60] 91.9 91.7 91.8 91.4 91.0 82.6 82.8 83.0 83.0 83.0 98.0 98.0 97.9 98.0 97.9

BUFFER CVPR2023 [2] 92.9 - -
PEAL CVPR2023 [61] 94.4 94.1 94.1 93.9 93.4 74.8 81.3 86.0 87.9 89.2 98.5 98.6 98.6 98.7 98.7

SIRA-PCR ICCV2023 [12] 93.6 93.9 93.9 92.7 92.4 70.8 78.3 83.7 85.9 87.4 98.2 98.4 98.4 98.5 98.5
DiffusionPCR 94.4 94.3 94.5 94.0 93.9 75.0 81.6 86.3 88.2 89.4 98.3 98.3 98.3 98.3 98.3

3DLoMatch

RR (%) ↑ IR (%) ↑ FMR (%) ↑
Method 5000 2500 1000 500 250 5000 2500 1000 500 250 5000 2500 1000 500 250

D
es

cr
ip

to
r FCGF ICCV2019 [18] 40.1 41.7 38.2 35.4 26.8 21.4 20.0 17.2 14.8 11.6 76.6 75.4 74.2 71.7 67.3

D3Feat CVPR2020 [4] 37.2 42.7 46.9 43.8 39.1 13.2 13.1 14.0 14.6 15.0 67.3 66.7 67.0 66.7 66.5
SpinNet CVPR2021 [1] 59.8 54.9 48.3 39.8 26.8 20.5 19.0 16.3 13.8 11.1 75.3 74.9 72.5 70.0 63.6
YOHO ACM MM2022 [51] 65.2 65.5 63.2 56.5 48.0 25.9 23.3 22.6 18.2 15.0 79.4 78.1 76.3 73.8 69.1

Tr
an

sf
or

m
er

-b
as

ed

REGTR CVPR2022 [58] 64.8 - -
Predator CVPR2021 [29] 59.8 61.2 62.4 60.8 58.1 26.7 28.1 28.3 27.5 25.8 78.6 77.4 76.3 75.7 75.3
CoFiNet NeueIPS2021 [59] 67.5 66.2 64.2 63.1 61.0 24.4 25.9 26.7 26.8 26.9 83.1 83.5 83.3 83.1 82.6

GeoTransformer CVPR2022 [36] 75.0 74.8 74.2 74.1 73.5 43.5 45.3 46.2 52.9 57.7 88.3 88.6 88.8 88.6 88.3
OIF-Net NeurIPS2022 [54] 76.1 75.4 75.1 74.4 73.6 27.5 30.0 31.2 32.6 33.1 84.6 85.2 85.5 86.6 87.0
RoITr CVPR2023 [60] 74.7 74.8 74.8 74.2 73.6 54.3 54.6 55.1 55.2 55.3 89.6 89.6 89.5 89.4 89.3

BUFFER CVPR2023 [2] 71.8 - -
PEAL CVPR2023 [61] 79.2 79.0 78.8 78.5 77.9 49.1 54.1 60.5 63.6 65.0 89.1 89.2 89.0 89.0 88.8

SIRA-PCR ICCV2023 [12] 73.5 73.9 73.0 73.4 71.1 43.3 49.0 55.9 58.8 60.7 88.8 89.0 88.9 88.6 87.7
DiffusionPCR 80.0 80.4 79.2 78.8 78.8 49.7 55.4 61.8 64.5 66.2 86.3 85.9 86.0 86.1 85.9

Table 1. Results on indoor datasets. The results of the compared methods are taken from their paper. The best scores are in bold.

multi-step methods, PEAL, our method still achieves no-
tably better results. We attribute this superiority to diffusion
models and our one-way cross attention. Note that, accord-
ing to the result provided by PEAL, our method with 5 steps
(80.4%) is better than PEAL even with 10 steps (78.8%)
on 3DLoMatch. Note also that we can interpret the diffu-
sion’s forward process as a data augmentation that effec-
tively trains the network to adapt to the prior in different
levels of accuracy.

As for IR, we achieve the best performance in most se-
tups and slightly worse when the number of correspon-
dences is 5000. This indicates that our method matches
point pairs accurately when it is confident. For FMR, our
method is slightly worse than some baselines on 3DLo-
Match. Our speculation is that although our method effec-
tively improves the correspondence accuracy of most point

clouds, resulting in significantly higher overall IR and RR,
in some point cloud pairs where baseline methods also fail
to register, our method might decrease IR of these pairs, re-
flected by slightly worse FMR.

GeoTransformer [37] proposes an LGR estimator to
compute the rigid transformation for coarse-to-fine based
methods. We compare the performance of our method with
GeoTransformer and PEAL when combined with LGR.
Here, we also compare the results of using a 2D prior as in-
put, as introduced in PEAL. As shown in Tab. 2, our method
still yields the highest registration recall on both 3DMatch
and 3DLoMatch, no matter whether with a 2D prior or 3D
prior.

Additionally, we compare our method with the SOTA
3D outlier removal method MAC [65]. Different from our
method, MAC uses the rotation and translation error, in-
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3DMatch 3DLoMatch
RR FMR IR RR FMR IR

GeoTransformer 92.5 98.2 70.9 74.0 87.1 43.5
PEAL-3D 94.2 98.5 73.3 79.0 87.6 49.0

DiffusionPCR-3D 94.4 98.3 73.4 80.0 87.0 49.6
PEAL-2D 94.3 99.0 72.4 81.2 91.7 45.0

DiffusionPCR-2D 95.3 98.5 73.9 81.6 87.7 50.4

Table 2. Registration results with the LGR estimator. The best
scores are in bold.

3DMatch 3DLoMatch

MAC [65] 95.7 95.7 95.2 95.3 94.6 78.9 78.7 78.2 77.7 76.6
DiffusionPCR-3D 96.9 96.9 97.0 96.6 96.5 84.4 84.4 83.8 83.0 82.5

Table 3. Comparison with the recent MAC baseline. Registration
Recall is reported as the evaluation metric.

stead of the RMSE, as the threshold for computing the reg-
istration recall. For a fair comparison, we follow the evalu-
ation strategy of MAC to re-compute the registration recall
of our method 1, and present the results in Tab. 3. Follow-
ing the best result they report, the RR of MAC is obtained
by combining it with the GeoTransformer to establish the
correspondences. Our method obtains remarkable improve-
ments over MAC on both the 3DMatch and 3DLoMatch
datasets.

In Fig. 5, we present qualitative results of our method
on some point cloud pairs that share extremely low-
overlapping areas. As a comparison, we also put the align-
ment results of our baseline GeoTransformer, PEAL, and
the ground truth. Note that DiffusionPCR successfully
aligns the point clouds in these challenging settings, while
GeoTransformer and PEAL get completely wrong results.

5.3. Outdoor Scenes: KITTI Odometry

Dataset. KITTI odometry [25] is composed of 11 se-
quences of driving scenes scanned by LiDAR. We follow
[18, 36] and use sequences 0-5 for training, 6-7 for valida-
tion and 8-10 for testing. We use the optimized ground-truth
poses with ICP and use only point cloud pairs that are at
least 10m away for evaluation.
Metrics. We follow [29] and evaluate the methods by three
metrics: (1) Relative Rotation Error (RRE), which is the
geodesic distance between the estimated and ground-truth
rotation matrices; (2) Relative Translation Error (RTE),
which measures the Euclidean distance between the esti-
mated and ground-truth translation vectors; (3) Registra-
tion Recall (RR), which encodes the fraction of point cloud
pairs whose RRE and RTE are both below certain thresholds
(RRE< 5◦ and RTE< 2m).

1We use the evaluation protocol in MAC’s official code released in
https://github.com/zhangxy0517/3D-Registration-with-Maximal-Cliques

Figure 5. Qualitative results of GeoTransformer, PEAL, and Dif-
fusionPCR compared with the ground truth alignment. The over-
lapping areas are highlighted by the red boxes. (Best viewed on a
screen when zoomed in)

Methods Reference RTE ↓ RRE ↓ RR ↑

FCGF ICCV2019 [18] 9.5 0.30 96.6
D3Feat CVPR2020 [4] 7.2 0.30 99.8
SpinNet CVPR2021 [1] 9.9 0.47 99.1
Predator CVPR2021 [29] 6.8 0.27 99.8
CoFiNet NeurIPS2021 [59] 8.5 0.41 99.8
GeoTrans CVPR2022 [36] 6.8 0.24 99.8
OIF-Net NeurIPS2022 [54] 6.5 0.23 99.8
PEAL CPPR2023 [61] 6.8 0.23 99.8
MAC CVPR2023 [65] 8.5 0.40 99.5

DiffusionPCR 6.3 0.23 99.8

Table 4. Results on KITTI odometry. The best scores are in bold.

Registration results. We compare our network with 9 re-
cent baselines, including FCGF, D3Feat, SpinNet, Preda-
tor, CoFiNet, GeoTransformer, OIF-Net, PEAL, and MAC.
PEAL does not have open-source code for the KITTI
dataset, so we implemented it by ourselves. As the coarse-
to-fine methods, including CoFiNet, GeoTransformer, OIF-
Net, PEAL, and ours, can be combined with the LGR es-
timator [36], we report their results combined with LGR.
For the remaining methods, we use RANSAC as their post-
processing step. For PEAL and our method, we just per-
form two steps of iterative optimization because the KITTI
dataset is relatively simple. As can be seen in Tab. 4,
our method yields 99.8% of RR, which equals the best
performance of recent methods. Furthermore, our method
achieves the best RRE and RTE compared with all base-
lines.
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Figure 6. Iteration results using different priors.

5.4. Ablation Studies

In Tab. 5, we analyze our design choices by ablating the
different components in our framework.
Initialization with different pretrained models. In our
method, we use the results obtained by the pre-trained Geo-
Transformer as input. For generalization ability, we use
other networks to generate the prior for our method, includ-
ing Predator [29] and CoFiNet [59]. Furthermore, we also
design two control experiments: 1) Not giving prior to our
method, but only an identity matrix; 2) Random sampling
a rigid transformation from a Gaussian distribution as prior.
As shown in Fig. 6, we report the results at different it-
erative steps. Our method adopts GeoTransformer as the
backbone network. Since the Predator and CoFiNet per-
form worse than GeoTransformer, the performance of us-
ing their results as prior is close to using the identity ma-
trix. Through multi-step optimization, even without prior,
our method can get near 93.5%/79.0% RR on 3DMatch and
3DLoMatch, respectively, which is much better than the
results of GeoTransformer (92.0%/75.0%). This indicates
that our method generalizes well to different types of prior.
The results of using Gaussian noise as prior is worse than no
prior. We speculate the reason is that Gaussian noise intro-
duces uncertainty to the model, which makes the iteration
hard to converge.
Denoising network design. In our method, the denoising
network is designed by utilizing both one-way self-attention
and one-way cross-attention. To analyze the effectiveness
of these two modules, we remove them separately and sum-
marize the results in Tab. 5. Compared with the baselines,
adding either of them boosts performance and we obtain the
best results when both of them are applied.
Degradation schemes. In our method, we propose a new
rigid transformation degradation scheme. Different from
the commonly used strategy in generation tasks that relies
on random noise as the initial step for training, we inter-

3DMatch 3DLoMatch
RR FMR IR RR FMR IR

Full setting 94.4 98.3 73.4 80.0 87.0 49.6
w/o cross 94.3 98.3 72.6 79.5 86.7 48.5
w/o self 93.9 98.2 72.5 79.4 86.6 48.7

w/o self, cross (baseline) 92.5 98.2 70.9 74.0 87.1 43.5

Only prior (baseline) 93.9 98.6 70.9 78.7 86.6 47.4
Add noise 92.7 97.3 67.6 76.9 85.8 44.5

Table 5. Ablations on network components and degradation
schemes. The best scores are in bold. Full setting: The final
version of our method. Only prior: Directly using the prior as
input without degradation scheme. Add noise: Using Gaussian
noise as degradation function.

polate prior information and ground truth in different time
steps as the noisy training data for the denoising network.
To validate the importance of the degradation scheme, we
also use two different degradation schemes to generate the
training inputs. The baseline consists of directly using the
prior as the input, and a naive strategy is to add noise to
the ground truth, as in the vanilla image diffusion models.
As shown in Tab. 5, simply adding noise as degradation
scheme yields even worse results than the baseline. The
proposed deterministic degradation scheme considers the
distribution of the results, and (Full) leads to the highest
results in all three metrics on both the 3DMatch and 3DLo-
Match benchmarks.

6. Conclusion

Conclusion. In this work, we have presented Diffusion-
PCR, introducing previously unexplored diffusion mod-
els to PCR. Our contributions include a novel degradation
scheme that degrades ground truth to prior, using spherical
linear space for adding noise, and a novel one-way cross-
attention. We demonstrated that our method is general and
can use different types of prior distribution beyond the ones
it is trained with. Our method achieves state-of-the-art re-
sults on the 3DMatch/3DLoMatch and KITTI benchmarks.

Limitations and future work. While inspired by image
diffusion models, our denoising diffusion process differs
from image diffusion, similarly to other works attempting
to use diffusion for discriminative tasks [11, 45]. Future
work could thus focus on unifying our model with stan-
dard image diffusion techniques. In addition, DiffusionPCR
has a higher computational cost than the one-pass frame-
work, akin to other iterative frameworks like ICP. A promis-
ing future direction could therefore be to use smaller net-
works and compression strategies such as network pruning
to achieve a balance between recall rate and speed.
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