TurboReg: TurboClique for Robust and Efficient Point Cloud Registration
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Abstract

Robust estimation is essential in correspondence-based Point
Cloud Registration (PCR). Existing methods using maximal
cligue search in compatibility graphs achieve high recall
but suffer from exponential time complexity, limiting their
use in time-sensitive applications. To address this challenge,
we propose a fast and robust estimator, TurboReg, built
upon a novel lightweight clique, TurboClique, and a highly
parallelizable Pivot-Guided Search (PGS) algorithm. First,
we define the TurboClique as a 3-clique within a highly-
constrained compatibility graph. The lightweight nature of
the 3-clique allows for efficient parallel searching, and the
highly-constrained compatibility graph ensures robust spa-
tial consistency for stable transformation estimation. Next,
PGS selects matching pairs with high SC? scores as piv-
ots, effectively guiding the search toward TurboCliques with
higher inlier ratios. Moreover, the PGS algorithm has lin-
ear time complexity and is significantly more efficient than
the maximal clique search with exponential time complexity.
Extensive experiments show that TurboReg achieves state-
of-the-art performance across multiple real-world datasets,
with substantial speed improvements. For example, on the
3DMatch+FCGF dataset, TurboReg (1K) operates 208.22 %
faster than 3DMAC while also achieving higher recall. Our
code is accessible at TurboReg.

1. Introduction

Point cloud registration (PCR) aims to align 3D scans from
different viewpoints of the same scene, which is essen-
tial for tasks like simultaneous localization and mapping
(SLAM) [6, 15, 29, 31, 33], and virtual reality [4, 32]. The
correspondence-based PCR is widely used in this field be-
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Figure 1. Registration Recall and Speed Comparison on the
3DMatch+FCGF Dataset. Our method (k) achieves the highest
recall and significantly outperforms competing methods in speed.

cause it does not rely on initial transformation guesses
[37, 39]. It typically consists of two main steps: (1) fea-
ture matching to establish putative 3D keypoint correspon-
dences [11, 39, 42], and (2) robust transformation estimation
through inlier identification [5, 51, 61]. The high outlier ra-
tio in real-world correspondence data makes this estimation
particularly challenging.

The RANSAC family is widely used for robust PCR [17].
These methods operate through two stages: (1) hypothesis
generation and (2) model evaluation. During the hypothe-
sis generation process, numerous putative inlier subsets are
sampled from correspondences, and a rigid transformation
is calculated for each subset. In the model evaluation step,
each transformation model is evaluated by metrics like inlier
count, and the best transformation is finally output. However,
these methods suffer from slow convergence rates due to
inefficient sampling strategies, particularly under high out-
lier ratios [27]. Deep learning approaches have attempted to
improve convergence efficiency through learned sampling
probability [5, 25], but remain limited by weak generaliza-
tion capabilities and substantial training requirements.

Recently, Graph-based PCR (GPCR) methods gain sig-
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nificant attention due to their demonstrated improvements
in registration robustness and accuracy. These methods first
construct a compatibility graph based on the spatial con-
sistency of match pairs. Then, the problem of registration
becomes searching for the maximum cliques [34, 51]. SC2-
PCR further proposes the second-order compatibility graphs
for inlier identification [9]. While improving registration
accuracy, these methods still struggle with low inlier ra-
tio scenarios. 3DMAC [61] represents a breakthrough for
low-inlier registration through maximal clique enumeration
(MCE). However, MCE has introduced two critical chal-
lenges for 3DMAC: (1) Inefficiency and Sensitivity: MCE
exhibits exponential time complexity with respect to corre-
spondence number, resulting in impractical runtime and ex-
cessive memory consumption [23, 24]. Although correspon-
dence downsampling [62] alleviates this inefficiency, it com-
promises registration accuracy. Furthermore, MCE’s runtime
is highly sensitive to graph density [16], where sparse graphs
reduce this sensitivity but simultaneously impair registration
performance. (2) Parallelization Limitations: MCE algo-
rithms face difficulties in parallel implementation due to un-
even branching distributions, such as variable-sized cliques
and their potentially unbounded growth [2, 14]. These tech-
nical limitations ultimately cap how well registration systems
can perform and scale.

To address these limitations, we present TurboReg, a ro-
bust and efficient estimator for PCR. As illustrated in Fig. 1,
our approach achieves highest registration recall and infer-
ence speed compared to recent robust estimators. The core
innovation of TurboReg lies in the use of a lightweight clique
to enable efficient search, combined with a highly paralleliz-
able TurboClique identification strategy. Specifically, we first
introduce TurboClique, which is defined as a 3-clique within
a highly-constrained compatibility graph. The fixed-size and
lightweight nature of the 3-clique provides inherent advan-
tages in computational parallelism, while the rigorous com-
patibility constraints ensure that the 3-clique can estimate
stable transformations by enhancing the geometry consis-
tency between matches. To efficiently identify TurboCliques,
we propose the Pivot-Guided Search (PGS) algorithm. PGS
utilizes matching pairs with high SC? scores to steer the
search process, thereby ensuring elevated inlier ratios for
TurboCliques. Moreover, compared to the exponential time
complexity of the maximal clique search algorithm, PGS
achieves linear time complexity, offering significantly higher
efficiency and benefiting real-time registration.

In summary, this paper has the following contributions:

* A novel clique structure, TurboClique, is tailored
for transformation estimation, which combines a
lightweight design for parallel processing with im-
proved stability in transformation estimation.

* An efficient search algorithm, PGS, that identifies Tur-

boCliques with high inlier ratios. In contrast to the
exponential time complexity of MCE, PGS achieves a
significantly reduced linear time complexity.

The TurboReg framework, built on TurboClique and
PGS, delivers state-of-the-art performance across mul-
tiple real-world datasets with significantly improved
speed. For instance, on the 3DMatch+FCGF dataset,
TurboReg (1K) runs 208.22x faster than 3DMAC
while also achieving higher recall.

2. Related Work

3D Keypoint Matching. Traditional 3D keypoint match-
ing methods [1, 8, 18, 20, 21, 41, 42, 45, 58] detect re-
liable keypoints with descriptors and establish correspon-
dences based on these keypoints. Recent advancements in
this area primarily focus on learning-based feature descrip-
tors. 3DMatch [59], a pioneering work, employs a Siamese
network for patch-based descriptor learning. Subsequent
studies enhance performance through rotation-invariant net-
works [3, 13, 46] and semantic-enhancing techniques [28, 50,
54]. However, those descriptors built upon sparse keypoints
are at risk of losing correspondences between frames, limit-
ing the robustness of keypoint-based methods. Consequently,
recent approaches adopt dense matching [22, 39, 55-57] to
explore all potential matches in point clouds. Despite ad-
vancements, existing methods still face challenges due to
mismatches under extremely low inlier ratios.

Graph-based Robust Estimators. Traditional robust es-
timators, such as RANSAC [17], treat correspondences
as unordered sets and rely on random subset sampling.
These methods frequently exhibit slow convergence and
instability under high outlier ratios. In contrast, graph-
based robust estimators exploit geometric consistency to
construct compatibility graphs. Approaches such as those
in [9, 27, 43, 52, 54] employ vote-based scoring to rank and
sample correspondences. Although effective for inlier iden-
tification, these techniques lack robustness in noisy scenar-
ios where voting scores degrade. Consequently, alternative
methods adopt direct search maximum clique to maximize
consensus [34, 51, 54]. Recently, some methods relax the
maximum clique to maximal clique [61, 62]. Although those
methods achieve strong performance under low inlier ratios,
they still suffer from exponential time complexity.

Learning-based Robust Estimators. Learning-based meth-
ods aim to generate heuristic guidance for efficient matches
subset sampling, facilitating robust correspondence selec-
tion. Most existing frameworks focus on 2D image match-
ing [44, 48, 53, 60, 63], where the objective is to learn
matching confidence scores to distinguish inliers from out-
liers. Recent 3D extensions, such as 3DRegNet [35] and
DGR [12], adopt similar pipelines: 3DRegNet uses a deep
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Figure 2. Pipeline of TurboReg. TurboReg takes correspondences
as input. First, these matches are used to construct an Ordered sc?
Graph (O2Graph, defined in Definition 2). Next, the PGS algorithm
(Sec. 3.3) is applied to the O2Graph, producing TurboCliques (de-
fined in Definition 1). Finally, during the Model Estimation step
(Sec. 3.5), a transformation is estimated for each TurboClique,
and the highest-scoring transformation T™ is selected to align the
source and target point clouds.

classifier, while DGR proposes a 6D convolutional U-Net for
correspondence probability prediction. However, these ap-
proaches often overlook the rigid constraints inherent in 3D
geometry. To address this, PointDSC [5] introduces a non-
local network with an attention mechanism to enforce spa-
tial consistency among matches, improving outlier rejection.
VBReg [25] further refines this by integrating variational
Bayesian inference to model feature uncertainty, enhancing
robustness to ambiguous matches. However, these methods
rely on supervised learning, which is time-consuming to
train, and struggle with generalization.

3. Method

We first outline the preliminaries of Graph-based PCR
in Sec. 3.1. Next, in Sec. 3.2, we explore the properties
of maximal cliques, which inspire us to introduce a novel
clique type called TurboClique. We then propose an efficient
TurboClique search strategy, Pivot-Guided Search (PGS)
algorithm detailed in Sec. 3.3. Implementation details of
PGS are discussed in Sec. 3.4. Finally, we outline the model
estimation process in Sec. 3.5. The overall structure of the
proposed framework is illustrated in Fig. 2.

3.1. Preliminary on Graph-based PCR (GPCR)

Given a source point cloud X C R? and a target point cloud
Y C R3, the goal of PCR is to compute a rigid transforma-
tion T € SE(3) to align them. Matches M = {m;}
are first established using feature matching techniques
[11, 37, 42], where each correspondence m; = (x;,y,)
contains keypoints ; € X and y; € Y. Then, a robust
estimator is used to identify inliers and compute the optimal
transformation [9, 51, 61]. Our approach builds upon the
recent state-of-the-art GPCR pipeline, and we outline its
framework below.

The first step is to construct an undirected compatibility
graph G € RV*N that represents the spatial compatibility
of match pairs. Specifically, the i-th node of G corresponds
to m;, and G;; indicates whether m; and m; are spatially

compatible, defined as:
a, = |1 el =y —ylef <7 )
0 otherwise,

where 7 denotes the compatibility threshold. An alternative
compatibility graph is the second-order compatibility graph
(SC? graph) G [9, 61], which assigns edge weights as SC?
scores:

N
Gij = Gi; Y G Gy )
k=1

Then, the maximal cliques in the compatibility are searched,
and each of them is used to compute the rigid transforma-
tion [38, 49, 61, 62]. Finally, each transformation is scored
using metrics like inlier number, and the transformation with
the highest score is selected as the final output.

3.2. TurboClique: Lightweight and Stable

Inspired by maximal cliques, we first analyze their properties
before proposing TurboClique. Within the GPCR framework,
all matches in a maximal clique estimate a rigid transforma-
tion via the Kabsch transformation solver [26]. The stability
of each estimated transformation depends on the noise distri-
bution and the number of input matches, as the Kabsch solver
relies on the least squares method. Consider simple linear
regression, where the variance of the estimated parameter B
under Gauss-Markov assumptions is given by:

Var(8]X) = o?(X' X)L, 3)

Here, o denotes the noise level of the residuals, and X rep-
resents the input observations. According to Eq. (3), two
primary factors determine estimation stability: (1) the resid-
ual noise o, where lower noise reduces variance and en-
hances stability, and (2) the number of observation points
N, where a larger N increases X’ X, thereby reducing vari-
ance. Consequently, employing maximal cliques to estimate
transformations provides stability through two mechanisms:
(1) Data Scaling Stability: The maximality requirement
incorporates a large number of input matches, increasing
the denominator of the variance term and reducing Var(T).
(2) Pairwise Compatibility-induced Stability: Due to the
inherent structure of a clique, any two matches satisfy spa-
tial compatibility constraints, which helps mitigate random
noise. Please refer to Appendix A.1 for details.

These two types of stability contribute to stable trans-
formation estimation. However, the data scaling stability
requires maximizing clique size, which may lead to poten-
tially unbounded growth of clique size [2, 14], resulting
in significant computational and memory overhead during
the search process. This motivates the adoption of a fixed-
size, lightweight clique to mitigate these limitations. Specifi-
cally, we propose using 3-clique to estimate transformation,
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