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Fig. 1: Our method for multi-view point cloud registration. Prior works per-
form pairwise registration via correspondence matching and then conduct pose graph
optimization (top-left). We use a single-stage flow matching model to generate the reg-
istered points (top-middle). Our model generalizes across various view counts, scales,
and sensor modalities (bottom) and achieves superior zero-shot performance with the
shortest runtime on the cross-domain multi-view registration benchmark (top-right).

Abstract. Point cloud registration aligns multiple unposed point clouds
into a common reference frame and is a core step for 3D reconstruc-
tion and robot localization when no initial pose guess is available. In
this work, we cast point cloud registration as conditional generation: a
learned, continuous point-wise velocity field transports noisy points to a
registered scene, from which the pose of each view is recovered. Unlike
prior methods that perform correspondence matching to estimate pair-
wise transformations and then optimize a pose graph for multi-view regis-
tration, our model directly generates the registered point cloud, yielding
both efficiency and point-level global consistency. By scaling the train-
ing data and conducting test-time rigidity enforcement, our approach
achieves state-of-the-art average performance on existing pairwise regis-



2 Y. Pan et al.

tration benchmarks and on our proposed cross-domain multi-view regis-
tration benchmark. The superior zero-shot performance on this bench-
mark demonstrates that our method generalizes across view counts, scene
scales, and sensor modalities even with low overlap.

Keywords: Point Cloud Registration · Flow Matching

1 Introduction

Point cloud registration is a cornerstone in 3D vision, robotics, and photogram-
metry, with broad applications, from merging multiple partial 3D scans into a
consistent 3D model to localizing sensors in an existing 3D map for downstream
tasks, including simultaneous localization and mapping (SLAM) [65, 107], 3D
reconstruction [24], and robotic manipulation [68]. Yet, obtaining reliable regis-
tration in the wild without an initial guess is a hard problem. Real-world data
is sparse, noisy, and non-uniform in density. Sensors differ in modality and cal-
ibration, overlaps between point clouds can be small, and local matches can be
ambiguous [2, 39,57,79].

Prevailing approaches for multi-view point cloud registration follow a two-
stage pipeline: align all overlapping pairs of scans independently, then solve a
global pose graph to enforce consistency [37, 75]. Pairwise alignment typically
relies on matching local feature correspondences with a robust estimator [7, 28,
47, 53, 97]. While conceptually appealing, this has two limitations: (i) quadratic
complexity, where cost scales quadratically with the number of scans due to
exhaustive pairwise registration across all pairs, and (ii) limited global context,
where the pairwise stage limits capturing global context, hurting performance
with low overlap and incomplete observations. Although specialized modules
can improve low-overlap pairwise registration [39, 98] and some works conduct
hierarchical registration [25] or edge selection [84] to avoid the quadratic cost,
these add complexity while remaining tied to iterative pose-graph refinement
sensitive to pairwise alignment errors.

Recent 3D vision research departs from this two-stage pipeline by leveraging
feed-forward and generative models. In image-based 3D reconstruction, feed-
forward approaches [49, 89] encapsulate the entire structure-from-motion pro-
cess into a single neural network, directly producing globally consistent poses
and dense geometry from a set of images. VGGT [87] demonstrates that a large
transformer can infer all key 3D attributes, including camera poses and depth
maps, from one or many views in a single pass. In the point cloud domain, Rec-
tified Point Flow (RPF) [80] pioneered a generative approach to pose estimation
by learning a continuous flow field that moves points from random noise to
their assembled target positions for multiple object-centric benchmarks. These
findings suggest that a single feed-forward model can holistically reason about
multiple partial observations and produce a consistent 3D alignment, given suf-
ficient capacity and training data.

Scaling such single-stage models to large-scale, multi-view 3D registration,
however, raises another key challenge: the sampling process does not always yield
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stable, perfectly rigid predictions, especially in cluttered environments where
geometry is more diverse than in object-centric settings. Even with an explicit
projection step of the final prediction onto SE(3), as in RPF [80], the post-
hoc correction cannot constrain the entire flow trajectory. Thus, the sampled
flows can drift away from the flow distribution on which the model was trained,
limiting performance.

This motivates our work, a scalable generative model that aligns multiple
point clouds in a single stage while explicitly enforcing rigidity. Instead of ex-
haustive pairwise transformation estimation, the model learns to transform all
input point clouds directly into a canonical coordinate frame, effectively fusing
them into a coherent scene. To make generation robust and satisfy rigid con-
straints, we propose using rigidity as a guidance signal for flow sampling at test
time. To train at scale, we curate over 100k multi-view registration instances
from 17 diverse datasets spanning object-centric, indoor, and outdoor settings.
Supervising in Euclidean space across this mixture of data provides strong scene
priors that enable the model to complete partial views and generalize across
scales and sensor modalities. To address the lack of a unified evaluation pro-
tocol for cross-domain generalization, we also introduce a multi-view registra-
tion benchmark spanning five scene categories across diverse scales, sensors, and
overlap conditions. We will release our code, model, and proposed benchmark to
facilitate reproducibility at: https://github.com/PRBonn/RAP.

In summary, our contributions are three-fold:
– We propose RAP, a generative flow-matching model for single-stage multi-

view point cloud registration, together with a rigidity-enforcing sampling
strategy that enforces per-scan rigid constraints at test time, achieving state-
of-the-art performance on both pairwise and multi-view point cloud regis-
tration benchmarks.

– We develop a large-scale training recipe that aggregates over 100k multi-view
registration instances from 17 heterogeneous datasets, enabling strong gen-
eralization across diverse scenarios, scales, and sensor modalities, including
challenging low-overlap conditions.

– We introduce a challenging cross-domain multi-view registration benchmark
spanning five scene categories, on which our method substantially outper-
forms existing approaches in a zero-shot manner.

2 Related Work

Pairwise point cloud registration has long relied on local feature match-
ing with robust transformation estimators [28, 54, 97]. Early approaches rely on
hand-crafted local descriptors [26,35,61,72,73,83] to establish correspondences.
Modern methods [4,8,9,17,18,21,32,39,51,57,67,70,77,78,85,86,94,98,101–103]
replace or augment these with learned local features. Beyond explicit matches,
correspondence-free and end-to-end approaches [5,10,91,92,100] directly super-
vise the transformation with differentiable assignment or iterative refinement.
Our approach departs from both families: rather than seeking correspondences

https://github.com/PRBonn/RAP
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or iteratively refining poses, we learn a conditional velocity field that transports
noise to the merged scene, from which rigid transformations are recovered. Closer
to our approach, DeepVCP [59] and DeepPRO [48] generate virtual correspond-
ing points near the target, but remain limited to pairwise registration with a
transformation initial guess or object-scale scenes.
Multi-view point cloud registration is typically handled by first estimating
local pairwise relative poses and then synchronizing the transformations via pose
graph optimization [20,33]. In practice, optimization is performed using a factor
graph with one node per scan and edges that encode relative pose measurements
and their uncertainties under various robust objectives [16, 24, 25, 31, 43, 82, 84].
By contrast, our single-stage approach aligns an arbitrary number of scans at
once, enforcing multi-view consistency by construction. As a result, our method
dispenses with the need for a separate pose graph optimization stage and avoids
the quadratic costs from pairwise transformation estimation. Nonetheless, our
predictions can still serve as strong and time-efficient initializations for down-
stream solvers that incorporate additional signals (e.g., from gravity, IMU, or
GNSS) or task-specific constraints.
Generative modeling approaches for 3D data leverage diffusion- and
flow-based models to generate geometric structures [12,27,34,41,50,63,71,74,80,
93, 96, 105, 106]. Both formulate generation as stochastic transport from source
to target distributions: diffusion via iterative denoising, while flow-matching pre-
dicts velocity fields to iteratively transform data. These models have been applied
to text-to-shape generation [74, 96, 105], 3D scene completion [27, 63, 106], and
annotated data generation [12,34,64,71].

More recent works leverage diffusion and flow-matching models to achieve
point cloud registration [1, 41, 50, 80] as a way to overcome limitations of stan-
dard approaches. In DiffusionReg [41], point cloud registration is formulated as
a diffusion process on the SE(3) manifold, generating the corresponding rigid-
body transformation between the source and target point clouds. Closest to our
approach, RPF [80] applies Euclidean-space conditional flow matching to pair-
wise registration and multi-part shape assembly, but is limited to object-scale
scenes (e.g., furniture and tableware). Concurrently, FUSER [42] proposes a feed-
forward transformer for multi-view registration with SE(3) diffusion refinement,
though it focuses on indoor scenes. RAP extends Euclidean-space flow match-
ing to large-scale, cross-domain multi-view registration and achieves superior
performance by scaling the training data, performing canonicalized generation
conditioned on local embeddings, and rigidifying the flow sampling at test time.

3 Generative Point Cloud Registration

In this section, we present our generative approach to multi-view point cloud
registration. We formulate registration as conditional flow matching, where a
transformer-based model learns to directly generate the aggregated registered
point cloud from unposed inputs. We then describe our model architecture and
training procedure, and how we enforce generation rigidity during inference.
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Fig. 2: Overview of our approach to multi-view point cloud registration. Starting with
unposed point clouds P, we sample keypoints Q with corresponding local features F .
We use a diffusion transformer (DiT) with alternating-attention blocks for conditional
flow matching that generates the registered point cloud X̂(0) from Gaussian noise X(1).
Finally, we recover the individual transformations T̂i using SVD and apply them to
the original unposed point clouds. The example illustrates submap registration on the
KITTI [30] dataset.

3.1 Problem Definition

We consider the general multi-view point cloud registration problem. The input
is a set of N ≥ 2 unordered point clouds P = {Pi ∈ R3×Mi}Ni=1, where Mi is the
point count of the i-th point cloud. These point clouds may come from individual
LiDAR or depth-camera scans, or from accumulated point cloud maps built by
SLAM or photogrammetry systems. We do not assume any initial guess of the
transformation from the coordinate frame of each point cloud to a global frame,
but we assume that the point clouds are observations of the same scene and can
be registered into a single connected point cloud, even if the overlap is small.

The goal is to estimate registered point clouds Pr = {Pr
i ∈ R3×Mi}Ni=1

in a common global coordinate frame. In practice, there may be non-rigid de-
formations caused by effects such as motion distortion, dynamic objects, or
SLAM drift. When these non-rigid effects are negligible, the registered point
clouds can be transformed from the inputs by a set of rigid body transforma-
tions T = {Ti ∈ SE(3)}Ni=1.

3.2 Flow Matching for Multi-View Registration

Following RPF [80], we formulate multi-view registration as a conditional gener-
ation problem and directly generate the registered point cloud Pr given the un-
posed input P. The rigid transformations T are then recovered as a by-product.
We apply flow matching [58] directly to the 3D Euclidean coordinates of point
clouds. The model transports a noised point cloud X(1) ∈ R3×M sampled from
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a standard Gaussian N (0, I) to a target X(0) ∈ R3×M via a learned velocity
field ∇tX(t), parameterized by a neural network Vθ(t,X(t) | C) conditioned
on C, detailed in Sec. 3.4. The forward process is a linear interpolation in 3D
space between noise and the target, i.e.,

X(t) = (1− t)X(0) + tX(1), t ∈ [0, 1]. (1)

Flow model Vθ is trained by minimizing the conditional flow matching loss [55]:

LFM = Et,X

[
∥Vθ(t,X(t) | C)−∇tX(t)∥2

]
. (2)

For our registration task, the target X(0) is the aggregated registered point
cloud Pr =

⋃N
i=1 P

r
i .

At inference time, we reconstruct the registered point cloud by numerically
integrating the predicted velocity field Vθ(t,X(t) | C) from t = 1 to t = 0. In
practice, we use κ = 10 uniform Euler steps:

X̂(t−∆t) = X̂(t)−Vθ(t, X̂(t) | C)∆t, (3)

with ∆t = 1/κ. After integration, the resulting X̂(0) approximates the registered
point cloud. We then partition X̂(0) into per-view subsets and estimate the
corresponding poses T̂i via the Kabsch algorithm [6] using SVD.

3.3 Rigidity-Enforcing Inference

The flow model alone does not guarantee per-view rigidity. While allowing non-
rigid point motions increases the model’s expressiveness, it can also drive sam-
pling trajectories away from the training distribution defined in Eq. (1). We
therefore exploit the Euclidean nature of our flow formulation and introduce a
rigidity-enforcing Euler integration that projects intermediate predictions onto
per-view SE(3) orbits at each step. In addition, we empirically find that the re-
sulting rigidity error provides an effective criterion for selecting among multiple
generations.

We define the per-view projection operator Π of an estimate X̂i(0) onto the
rigid orbit of the input Pi, as

ΠPi

(
X̂i(0)

)
:= R̂i Pi + t̂i, (4)

where (R̂i, t̂i) is the optimal rigid transformation between Pi and X̂i(0), com-
puted via the Kabsch algorithm [6]. Given the current state X(t) and the velocity
prediction Vθ(t,X(t) |C), we extrapolate the registered point cloud estimate, as

Ŷ(0) := X(t)− tVθ(t,X(t) |C). (5)
We now rigidify it to obtain the rigid projection of all views ΠP following Eq. (4)
and compute the flow at the next step t′ ← t−∆t as

X(t′) := (1− t′)ΠP

(
Ŷ(0)

)
+ t′ X(1). (6)

We repeat the above sampling step until t reaches 0.
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3.4 Canonicalized Registration Pipeline

Our method is designed to scale across scenes with diverse point densities, ar-
bitrary coordinate frames, and a metric scale ranging from object-level scans
to large outdoor environments. For this, we introduce a canonicalized keypoint-
based registration pipeline for our flow model. The pipeline has four steps: (i)
sampling a compact keypoint representation with local descriptors, (ii) canoni-
calizing all views into a shared similarity-invariant frame, (iii) conditioning a flow
network on this representation to generate a canonical registered point cloud,
and (iv) lifting the canonical prediction back to the original dense point clouds.
(i) Keypoint selection with local descriptors. Directly generating mil-
lions of points is computationally inefficient and unstable. Instead, we construct a
compact, geometry-aware representation by sampling keypoints in each view and
attaching local descriptors. For each input point cloud Pi, we first perform voxel
downsampling with voxel size vd, obtaining a reduced cloud Pv

i . We then apply
the farthest point sampling to Pv

i to select Ki keypoints, forming Qi ∈ R3×Ki ,
with the total keypoint count K =

∑
i Ki across all views. To obtain uniform

coverage over the scene, we choose Ki in proportion to the metric scale of Pi.
To encode local geometry, for each sampled point in Qi we define a local patch

by a ball query of radius rs = 20vd in the reduced point cloud Pv
i and extract

a local descriptor from the normalized points within this patch. We use the
lightweight, rotation-invariant MiniSpinNet [3,77] pretrained on 3DMatch [104],
yielding Fi ∈ R32×Ki . Concatenating all views, we obtain sampled points Q =
{Qi ∈ R3×Ki}Ni=1 and their local features F = {Fi ∈ RD×Ki}Ni=1, which serve
as a compressed yet informative representation of the dense input clouds P.
(ii) Canonicalization of inputs and targets. To make training invariant to
global pose and metric scale, we canonicalize both the conditioning representa-
tion and the flow target in a shared frame. For each view i, we first translate the
sampled points Qi so that its center of mass is at the origin. We then compute a
global scale factor s as the longest edge length of the bounding box of the view
with the most points, and scale all centered point sets by 1/s, so that the entire
scene fits in a unit cube. Finally, we apply a random 3D rotation to each centered,
scaled cloud. This yields normalized unposed keypoints Q̄ = {Q̄i ∈ R3×Ki}Ni=1

and corresponding similarity transforms T̄i ∈ SIM(3) that map the original Qi

to Q̄i in the canonical frame.
The training target is defined in the same canonical frame. We first transform

the keypoints by the ground-truth poses T̂ to obtain registered keypoints Qr =
{Qr

i }Ni=1 and merge them into Qr =
⋃N

i=1 Q
r
i . We then (i) recenter Qr at the

origin, (ii) apply the same random rotation used for the view with the most points
to fix a reference orientation, and (iii) scale by the global factor s, resulting in
the normalized registered point cloud Q̄r, which is set as the target X(0).
(iii) Conditional flow model. We adopt the Diffusion Transformer [66]
for Vθ, and, following VGGT [87], employ a transformer with alternating atten-
tion blocks (Fig. 2). Specifically, we alternate per-view self-attention within each
point cloud, which consolidates view-specific structure, with global attention over
all point tokens to fuse information across views. Our model comprises L = 10



8 Y. Pan et al.

alternating attention blocks with hidden dimension d = 512 and h = 8 attention
heads, totaling 73 million parameters.

The model’s condition C = femb(Q̄,F) is obtained via a linear feature embed-
der femb that maps the concatenation of 32-dimensional MiniSpinNet descrip-
tors F and Fourier-encoded [62] 3D coordinates Q̄ (63 dimensions) to the hidden
dimension d=512. The flow model Vθ takes X(t) and C as input. Importantly,
we do not condition the model Vθ on view indices, making the architecture
view-count-agnostic and allowing it to generalize to larger numbers of views at
test time than seen during training.
(iv) Lifting to dense registered point clouds. At inference, the model
generates a canonical registered keypoint cloud X̂(0). Using the rigidity-enforcing
procedure in Sec. 3.3, we recover per-view rigid transformations T̂i that align Q̄i

to the corresponding subsets of X̂(0). The overall transformation from the orig-
inal input frame of view i to the final registered frame is Ti = T̂iT̄i, which we
apply to all points in the dense cloud Pi. Finally, we undo the global scaling
by s to obtain the registered point clouds at the metric scale.

4 Experimental Evaluation

We present our experiments on pairwise and multi-view point cloud registration
to demonstrate the effectiveness of RAP.

4.1 Experimental Setup

Implementation details. We train our model for three days with about
120k iterations using 32 NVIDIA A100 GPUs with 80 GB VRAM each. We use
Muon [56] as the optimizer with an initial learning rate of 2 ·10−3 for matrix-like
parameters and 2 · 10−4 for vector-like parameters.

Unlike VGGT [87] or RPF [80], our training samples have varying numbers
of views N and feature point (token) counts K. To efficiently train under this
irregular data setup, we devise a dynamic batching strategy that allocates sam-
ples to each GPU with a suitable batch size. We set the maximum token count
per batch on one GPU to 110,000.
Training data. Our training requires only a set of point clouds under the
same reference frame without any annotations for keypoints or correspondences.
This makes it straightforward to scale up training as any dataset providing point
clouds and accurate sensor poses can be used.

For our model, we curate over 100k multi-view registration instances from
17 diverse datasets spanning outdoor, indoor, and object-centric settings. We
train on 12 outdoor LiDAR datasets KITTI [29], KITTI360 [52], Apollo [40],
nuScenes [15], MulRAN [45], Boreas [14], Oxford Spires [81], VBR [13], Urban-
Nav [36], WildPlace [46], HeLiPR [44], and KITTI-Carla [23]. We also use 4
indoor depth camera datasets 3DMatch [104], NSS [79], ScanNet [19], and Scan-
Net++ [99], and the object-centric dataset ModelNet [95]. Each sample consists
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Table 1: Pairwise registration success rate (%) on six commonly used pairwise regis-
tration benchmarks for object-centric, indoor, and outdoor scenarios. The best result
is in bold, and the second best is underscored.

Method ModelNet 3DMatch 3DLoMatch NSS ETH KITTI Avg.

FPFH+FGR [108] 84.04 62.53 15.42 30.82 91.87 98.74 63.90
FPFH+TEASER [97] 86.10 52.00 13.25 25.78 93.69 98.92 61.62
KISS-Matcher [54] 87.12 67.22 20.44 53.69 96.77 100.0 70.87

FCGF [18] 16.51 88.18 40.09 42.86 55.53 98.92 58.68
Predator [39] 84.36 90.60 62.40 92.99 54.42 99.82 80.77
GeoTransformer [70] 86.26 92.00 75.00 55.59 71.53 99.82 80.03
BUFFER [3] 92.42 92.90 71.80 72.44 99.30 99.64 88.12
PARENet [98] 66.14 95.00 80.50 45.07 69.42 99.82 75.99
BUFFER-X [77] 99.84 95.58 74.18 85.60 99.72 99.82 92.46

RAP (Ours) 99.13 95.90 78.78 96.27 99.44 100.0 94.92

of N views of point clouds, where 2 ≤ N ≤ 16. We split the samples into train-
ing and validation sets with an approximate ratio of 9:1 while also excluding
sequences used for testing in common registration benchmarks from the training
set. The datasets span diverse scenes across multiple continents, captured by
LiDAR and depth cameras with varying resolutions and fields of view. We cu-
rate both single-frame and sequence-accumulated submap samples. We require
all point clouds in a sample to form a connected overlap graph, but deliberately
include hard samples with very low pairwise overlap to improve the model’s
robustness to low-overlap scenarios.

4.2 Pairwise Registration Evaluation

We first evaluate our model on pairwise registration across six widely used bench-
marks: ModelNet [95] for object-centric scenes, 3DMatch [104], 3DLoMatch [39],
and NSS [79] for indoor depth-camera scenarios, and ETH [69] and KITTI [29]
for outdoor LiDAR scenarios. Following prior work, we evaluate performance
using registration success rate (%), computed with thresholds on correspon-
dence RMSE for 3DMatch and 3DLoMatch, and on translation and rotation
error for the remaining datasets. We adopt the success thresholds used in pre-
vious studies [77, 79, 104]. Details are provided in the supplementary material.
We compare against three conventional baselines based on hand-crafted features
(FPFH+FGR [108], FPFH+TEASER [97], KISS-Matcher [54]) and six learning-
based methods (FCGF [18], Predator [39], GeoTransformer [70], BUFFER [3],
PARENet [98], BUFFER-X [77]).

Tab. 1 shows that our model ranks first on half of the benchmarks and
achieves the best average performance across all six benchmarks compared to
state-of-the-art methods. We note that our model is trained on more diverse data,
while some learning-based baselines are trained solely on 3DMatch or KITTI.
We provide additional results on pairwise registration under low overlap in the
supplementary material.


