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Abstract

Point cloud registration is a fundamental problem
in 3D computer vision. In this paper, we cast point
cloud registration into a planning problem in re-
inforcement learning, which can seek the transfor-
mation between the source and target point clouds
through trial and error. By modeling the point
cloud registration process as a Markov decision
process (MDP), we develop a latent dynamic model
of point clouds, consisting of a transformation net-
work and evaluation network. The transformation
network aims to predict the new transformed fea-
ture of the point cloud after performing a rigid
transformation (i.e., action) on it while the eval-
uation network aims to predict the alignment pre-
cision between the transformed source point cloud
and target point cloud as the reward signal. Once
the dynamic model of the point cloud is trained,
we employ the cross-entropy method (CEM) to it-
eratively update the planning policy by maximiz-
ing the rewards in the point cloud registration pro-
cess. Thus, the optimal policy, i.e., the transfor-
mation between the source and target point clouds,
can be obtained via gradually narrowing the search
space of the transformation. Experimental results
on ModelNet40 and 7Scene benchmark datasets
demonstrate that our method can yield good reg-
istration performance in an unsupervised manner.

1

Point cloud registration plays an important role in a variety
of 3D computer vision applications such as object pose esti-
mation [Wong et al., 20171, Lidar SLAM [Deschaud, 2018,
3D scene reconstruction [Schonberger, 2016]. Given source
and target point clouds, it aims to search for an optimal rigid
transformation consisting of a rotation matrix and a transla-
tion vector so that the transformed source point cloud can
align the target point cloud optimally. However, due to the
large pose changes and occlusions of objects in real scenar-
i0s, point cloud registration is still a challenging problem.
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Figure 1: Planning process of our method for point cloud registra-
tion. Our method iteratively narrows the search space via trial and
error (grey points), and iteratively converges to the optimal transfor-
mation. The region with the light color denotes the transformations
with the high registration precision.

In past decades, much research efforts have been dedi-
cated to the point cloud registration task. The traditional
registration methods such as iterative closest point algorithm
(ICP) [Besl and McKay, 1992] and its variants [Chetverikov
and Krsek, 2002; Dong et al., 2014] search for the optimal
rigid transformation via alternately estimating the correspon-
dences and executing the least squares optimization. Never-
theless, due to the non-convexity of the optimization func-
tion, the performance of ICP mainly depends on a good ini-
tialized transformation and is prone to the local minima with
an improper initialization. To alleviate it, Go-ICP and other
variants [Yang et al., 2013; Fitzgibbon, 2003] employ the
branch and bound strategy or other heuristic methods to glob-
ally search for the transformation. However, these methods
usually need much more inference time than the original ICP
and just can achieve limited performance improvement. In re-
cent years, benefiting from the discriminative representation
ability of deep learning, deep point cloud registration meth-
ods [Gojcic et al., 2019; Khoury ef al., 2017] can achieve the
impressive registration precision. However, their successes
mainly rely on large amounts of ground truth corresponding
points, which may increase the cost and limit its applications.

Inspired by model-based reinforcement learning [Hafner et
al., 2019al, in this paper, we propose a novel unsupervised
point cloud registration method by converting the point cloud
registration problem into a planning problem. With a learned
latent dynamic model, it can efficiently seek the rigid trans-
formation between the source and target point clouds by iter-
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atively narrowing the search space of the transformation via
trial and error as shown in Fig. 1. Specifically, the constructed
dynamic model contains a transformation network and evalu-
ation network. The transformation network captures the fea-
ture changes when a point cloud is transformed, and is used
to predict the new transformed feature of the point cloud af-
ter performing a rigid transformation on it. The evaluation
network captures the geometric difference between the trans-
formed source point cloud and target point cloud in the fea-
ture space, which can predict the alignment precision as the
reward in planning. We formulate a transformation consis-
tency loss on the transformation network and a geometry con-
sistency loss on the evaluation network to train the dynamic
model. Then, based on the learned model, we employ the
cross-entropy method (CEM) [Botev et al., 2013] to glob-
ally search for the optimal rigid transformation. CEM is a
sampling-based planning algorithm, which alternately sam-
ples multiple transformations from a distribution and selects
some “elite” ones with the high evaluation scores to update
the sampling distribution. The sampled transformations in
each iteration are expected to approach to the optimal solu-
tion progressively and the mean of the elite transformations in
the last iteration is viewed as the final solution, i.e., the trans-
formation between the source and target point clouds. Exper-
imental results on benchmark datasets demonstrate that the
proposed registration algorithm can yield good performance.

In summary, the contributions of this paper are as follows:

* We model the point cloud registration task as a Markov
decision process and propose a latent dynamic model of
point clouds for planning.

e We perform planning with the learned latent dynamic
model for unsupervised point cloud registration.

* Extensive experiments on the standard benchmark
datasets verify the outstanding registration performance
of the proposed method.

2 Related Work

Traditional point cloud registration algorithms. Iterative
closest point (ICP) algorithm [Besl and McKay, 1992] is a
popular method for fine registration, which alternates be-
tween estimating the correspondences and updating the trans-
formation based on the least squares optimization. How-
ever, with an improper initial transformation, it easily falls
into the local minima. To relieve it, Go-ICP [Yang et al.,
2013] is proposed to search for the optimal transformation
by combining ICP with the branch-and-bound scheme. In
addition, RANSAC based methods [Fischler, 1981; Chum
and Matas, 2005] are also widely-used for coarse registration
where wide bases are sampled for aligning the point cloud
pair. 4PCS [Aiger et al., 2008] is a representative RANSAC
based method, which proposes to sample four points with an
approximately co-planar layout as a base set and identify the
corresponding sets in the point cloud pair by comparing the
intersectional diagonal ratios of the base set. Moreover, other
RANSAC variant [Mellado et al., 2014] also shows good per-
formance.
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Learning based point cloud registration algorithms. In
recent years, more and more attention has been paid to deep
learning based point cloud registration. Benefitting from that
PointNet [Qi er al., 2017] can directly extract robust feature
of unordered point cloud with deep neural network, this re-
search direction has obtained great progress. PRNet [Wang,
2019] is an iterative method that utilizes the keypoint detec-
tion to handle the partially overlapping point cloud pair in
a self-supervised way. Instead, DCP [Wang and Solomon,
2019] performs the SVD module to estimate the transforma-
tion based on a soft matching between the point cloud pair.
RPM-Net [Yew and Lee, 2020] also realizes the registration
based on the matching map generated from the differentiable
Sinkhorn layer and annealing. Yang et al. [Yang et al., 2020]
proposed an unsupervised learning method for finding the
correspondences based on the cycle consistency. In addition,
other learning-based methods including [Aoki ef al., 2019;
Li et al., 2020] also exhibit impressive performance.

Planning based optimal decision. Planning based deci-
sion algorithm is important and well-studied in the opti-
mal control field. Typically, those methods search for the
optimal action via repeatedly performing forward simula-
tion and future state evaluation. For discrete control task,
Monte-Carlo tree search (MCTS) [Browne et al., 2012] is
one of the most widely used method whose each simu-
lation procedure contains selection, evaluation, expansion
and backing-propagation. To handle exploration-exploitation
dilemma in MCTS, UCT and its variants [Coulom, 2006;
Rosin, 2011] add an additional exploration bonus on original
estimated reward for each action. For the continuous action
task, the cross entropy method (CEM) [Botev ef al., 2013]
is a powerful planning method, which can obtain the optimal
action via gradually narrowing the searching space in a trial-
and-error way. To improve the robustness of CEM, Liu et
al. [Liu et al., 2020] proposed to perform CEM with model
uncertainty and constraints. Furthermore, the differentiable
CEM [Amos and Yarats, 2020] is proposed to allow the end-
to-end training. Other variants or applications [Moss, 2020;
Hafner et al., 2019b] also show its great potential.

3 Approach

In this section, we present the proposed point cloud regis-
tration method by planning with the latent dynamic model.
Fig. 2 illustrates the proposed framework, which consists of
two components: learning latent dynamic model of point
clouds and planning for point cloud registration. In Section
3.1, we define the point cloud registration problem with the
Markov decision process. In Sections 3.2 and 3.3, we present
the details of learning the latent dynamic model and planning
for point cloud registration, respectively.

3.1 Problem Setting

Given the source point cloud X = {x1,X2,... Xy} and tar-
get point cloud Y = {y1,y2,...yn}, where x; € R? and
y; € R34 =1,2,..., N, the point cloud registration task
aims to find the rigid transformation between X and Y, con-
taining the rotation R € SO(3) and the translation t € R3.
The rigid transformation in 3D Euclidean space is defined as
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(a) Learning Latent Dynamic Model

(b) Planning for Point Cloud Registration

(¢) Registration
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Figure 2: The pipeline of our proposed planning based point cloud registration method. (a) The left block demonstrates the framework of our
latent dynamic model learning. For each generated sample (X, a, X’,Y) as in Section 3.2, the encoder first maps the point clouds X , X’
and Y into the latent states zx, Zx and zy . Then, the concatenated vector of latent state zx and action a is fed into the latent transformation
model to predict the next latent state Z x, which is trained by transformation consistency 10ss Lirans (see Eq. 6). Furthermore, for inputs
zx and zy, the evaluation function aims to predict the Chamfer distance between X and Y by optimizing the geometric consistency loss
Leval (see Eq. 7). (b) The middle block shows the planning process with the learned latent dynamic model, which performs the steps:

randomly sampling NV transformation candidates {ai,ag, ..

Lany ~ N (m, af]I); evaluating the reward r; of each transformation a;:

ri = r(zx,a:,2y) = —dy ([f§ ([zx,ai]),2zy]); choosing the top-K transformations with the highest rewards; updating the sampling
distribution with the top-K transformations via Eq. 9. (c) The right block shows that we perform transformation 7 on the source point cloud

X to align the target Y.

X' = f34(X,R,t) = R- X" + t. Formally, we model the
point cloud registration problem as a Markov decision pro-
cess in the feature space of point clouds, which is defined by
a latent state space, an action space, a latent transformation
function and a latent reward function.

Latent state space. The latent state space of point clouds
Z C R% is defined as a d,,-dimensional compact embed-
ding space. Given the point cloud X, we employ an encod-
ing network g™ to map X into its corresponding latent state

zxy = 93 (X) € 2.

Action space. We define the rigid transformation as the ac-
tion. The action space A is the rigid transformation space
of point clouds SE(3) (SO(3) x R3). To reduce the di-
mension of the search space, we use the euler-angle repre-
sentation e = [eq, 2, e3] € [—m,7]® to encode the rotation
R € SO(3). Therefore, the action a € A is represented by
[e, t] and R(e) is the corresponding rigid rotation matrix of
euler-angle representation e.

Latent transformation function. In the 3D Euclidean
space, after performing the action a, the point cloud X will
be transformed to X' via the rigid transformation. Similarly,
in the latent state space, the latent transformation function
f§ + Z x A — Z aims to infer the next latent state Zx by
performing action a at the state zx . It is defined as below:

ey

where [-, -] denotes the concatenation operation. Since the
transformation function in the registration task is nonlinear,
we utilize a deep network with parameters 6 to model it.

zx = [g ([2x,a]),

Latent reward function. For the source point cloud X and
target point cloud Y, given their latent states zx and zy, we
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use the output of an evaluation network as the reward signal
after executing the action a at the latent state z x . Specifically,
the latent reward function r : Z x A x Z — R is defined as:

r(zx,a,zy) = —dy ([f ([zx,a]) ,zv])

2
= —dy ([zx/, 2v]), @

where the evaluation network dy, : Z x Z — R estimates the
alignment precision between X’ and Y in the feature space.
The point cloud registration task aims to find the optimal pol-
icy a* that can maximize the reward:

*

a

arg maxr (zx,a,zy)

3)

argmax —dy, ([f5 ([zx,a]) . zv]).

3.2 Learning Latent Dynamic Model

Our dynamic model of point clouds is constructed in the fea-
ture space of point clouds, where we employ an encoder-
decoder network to extract deep features (latent states) of
point clouds so that the local geometric structures of point
clouds can be characterized well. As shown in Fig. 2 (a), by
fusing the feature of the source point cloud and the executed
action, we first form a transformation network to predict the
latent state of the transformed source point cloud. We then
employ an evaluation network to evaluate the alignment pre-
cision between the transformed source point cloud and the
target point cloud in the feature space. The evaluated align-
ment precision between point clouds is used as the reward in
planning for point cloud registration. By performing a set of
actions in trial and error to maximize the reward during the
registration process, we can seek the action with the highest
reward, i.e., the transformation between a pair of point clouds
(please refer to Section 3.3).
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Before effectively training our dynamic model, we need
to generate training samples at first. For each pair of point
clouds (X,Y), we sample multiple actions {a = [e,t]},
where each action sample a follows a normal distribution
N (0, 02]1) over the action space A. Next, we perform each
sampled action on X and obtain the transformed point clouds
{X'} where X’ = f3¢ (X, R/(e), t). Thus, we can obtain the
generated training samples S = {X,a, X', Y }.

During the model learning, we jointly train an auto-encoder
and a latent dynamic model. The auto-encoder is expected to
learn the discriminative feature representation (latent state) of
point clouds. The encoder g™ and decoder @lec modules in
the auto-encoder are trained via the reconstruction loss:

Lre(bw)= = 3 J+L(Y),

|1 (X, X' Y)eS

L(X)+L (X 4)
where £ (X) = DCd( dec (QDZ)HC(X)) ,X). D is the
Chamfer distance between X and Y, D<? (X,Y) =

Z ;nm lxi —y;lly + Z mm lyi =5l

x;€X yIEY

&)

Notably, once the encoder and decoder are trained, the en-
coder is only used for testing.

For the source point clouds X , the transformation net-
work f7 is expected to capture the feature changes when a
point cloud is transformed by performing the action on them.
That is the predicted transformed state fj (zx,a) is as con-
sistent as possible to the state zx of the transformed point
clouds. Therefore, we formulate a transformation consistency
10SS Lirans to train our transformation network:

S

‘S| (X,a,X")eS

Lirans (0) = 175 ([2x,a]) — zx/ 13- (6)

In our dynamic model, the evaluation network dy, aims to
predict the alignment precision between a pair of point clouds
with their states, which can characterize the geometric differ-
ences of point clouds in the feature space. We encourage the
geometric differences of point clouds in the feature and spa-
tial spaces to be consistent. To this end, we propose a geo-
metric consistency loss L.,q; to train our network:

1 ,

Eeval (1;[}) = E Z A (X7Y) + I(X 7Y) ) (7)
(X, X' Y)ES

where T(X,Y) = (dy(zx,2y)— D" (X,Y))’,

dy (zx,2zy) is the output of the evaluation network.
Notably, we utilize the Chamfer distance to quantify the
alignment precision between a point clouds pair as in [Yew
and Lee, 2020], since as a distance metric, it tends to obtain
the lower value when the point clouds are better aligned.

Finally, we jointly train the encoder-decoder and latent dy-
namic model via the following loss function:

L (9, o, w, ¢) = Lyec (¢a w) + Lirans (9) + Leval (¢) . (®)
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Algorithm 1 CEM based Registration with Learned Latent
Dynamic Model

Input: Encoder g™, latent transformation network 1§, la-
tent evaluation network d,, iterations T', sampled transforma-
tions IV, top transformations [, initial Gaussian distribution
N (uo, 031[) , source and target point clouds X and Y.
Output: Estimated rigid transformation between X and Y.

Encode X and Y: zy = ¢§"*(X) and zy = ¢3**(Y).
fort=0:7T—-1do
fori=1:Ndo
Sample transformation a ~N (,ut, o? )

Perform transformation: z%., = fZ ([zx, a]).
Calculate reward r; = —dy, ([2%/,2y]).
end for
Sort the rewards {r;} and select top transformations K
with K largest rewards.
Update the sampling distribution with K via Eq. 9.
end for
Return: pr

3.3 Planning for Point Cloud Registration

As shown in Fig. 2 (b), once the dynamic model of point
clouds is trained, given the source and target point clouds, by
performing actions on the source point clouds, we can maxi-
mize the rewards (i.e., the outputs of the evaluation network)
to obtain the optimal action for registration. In this subsec-
tion, we employ the cross entropy method (CEM) to obtain
the desired transformation for registration. CEM is an ef-
ficient sampling-based planning algorithm that searches for
the optimal solution via iteratively narrowing the searching
region in a trial-and-error way. As outlined in Algorithm 1,
in the ¢-th iteration (0 < ¢ < T — 1), it contains three steps:

(a) Random transformation sampling. We randomly
sample NN rigid transformations {agl)7 e agN)} from a pa-
rameterized Gaussian distribution A/ (ut, O'tQ]I) over the ac-
tion space .A. Since the dimension of the action space is 6, the
mean p; and variance af are represented by (u¢ 1, .-, fe6)

and (Jf 1.~ ,0?76) , respectively.

(b) Top-K transformation selection. From all sampled N
rigid transformations, with the trained transformation net-
work and evaluation network, we choose top-K ones with the

highest rewards, denoted as K = {agi) | r (zX,ag ) 27y

—dy ([f§ ([zx.a]),zy]) > Bi,1 < i < N}, where §, is the
K -th highest reward.

(c) Distribution updating. This step aims to update the pa-
rameters of the current sampling distribution so that in the
next iteration we can sample “better” transformations from
the updated distribution A/ (Nt+1» o7 0):

Htt1,5 = K Z aj, Ut—l—l,j = K Z

ack ackl

/lt+1,y

» 9)

where j 1,...,6. In fact, Eq. 9 is the closed-
form solution of the maximum-likelihood estimation prob-
lem over the top-K transformations, that is py41,0:41 =
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Model ModelNet40-Same categories ModelNet40-Gaussian noise 7Scene

RMSE(R) RMSE(t) MAER) MAE(t) | RMSE(R) RMSE(t) MAER) MAE(t) | RMSE(R) RMSE(t) MAER) MAE(t)
ICp 11.6165 0.0255 2.5852  0.00715 | 11.3945 0.0218 2.4573  0.0041 21.0034 0.0262  5.156972  0.005913
Go-ICP 11.8523 0.0256 2.5884  0.00709 | 11.4534 0.0230 2.5348  0.0041 5.4590 0.0050  0.684649  0.000659
Super4PCS 4.6191 0.0050 0.2024  0.00038 | 19.6369 0.0980 3.9660  0.0175 13.4823 0.0101 1.410883  0.001253
FGR 4.1355 0.0076 0.3161  0.00060 | 24.6514 0.1089 10.0559  0.0273 0.2756 0.0026  0.120562  0.000637
PointNetLK 5.1963 0.0051 1.0231  0.00057 5.2422 0.0080 1.5974  0.0053 0.0544 0.0007  0.006484  0.000007
FMR 10.9514 0.0113 3.8465  0.00396 | 11.1682 0.0124 42535  0.0062 7.5498 0.0133 1995638 0.003718
IDAM 1.5093 0.0247 1.0318  0.01686 3.1485 0.0109 0.9739  0.0048 7.8643 0.0181 1.757570  0.007679
LatentCEM 3.0178 0.0028 0.2779  0.00036 | 3.0681 0.0066 0.5853  0.0016 | 0.0066 0.0030  0.000015  0.000004

Table 1: Comparison results on ModelNet40-Same categories, ModelNet40-Gaussian noise and 7Scene datasets.

argmax, o y . 9 (a; i, o), where g (-; u, o) is the prob-
ability density function of A (u, 02). By re-fitting the sam-
pling distribution to the top-K samples, the updated sampling
distribution tends to focus on more promising transformation
region and the sampled transformations in the next iteration
are expected to obtain the higher rewards. In the last itera-
tion, we utilize the mean pr of the distribution to estimate
the optimal solution.

4 Experiments

4.1 Implementation Details

For feature extraction of point clouds, we employ the
DGCNN [Wang et al., 2019] as encoder and the decoder
of FoldingNet [Yang et al., 2018] as decoder in our auto-
encoder. The latent transformation and evaluation networks
are modeled by two 3-layer MLPs and more details are de-
scribed in Appendix 2. We use the output of the encoder as
the latent state of the point cloud whose dimension is set to
512. For CEM, the numbers of iterations 7", candidates N and
elite candidates K in CEM are set to 10, 1000 and 25, respec-
tively. The o used in training samples generation in Section
3.21is set to 1. Our method is implemented in PyTorch and the
model is trained with the Adam optimizer , where the learn-
ing rate and weight decay are set to 0.0001 and 0.0005. For
simplicity, we denote our CEM based latent planning method
for registration as LatentCEM.

4.2 Evaluation on ModelNet40

We perform performance comparison with four traditional
registration methods including ICP [Besl and McKay, 1992],
Go-ICP [Yang et al., 2013] , Super4PCS [Mellado er al.,
2014] and FGR [Zhou ef al., 2016], and three deep learning
methods including fully-supervised PointNetLK [Aoki e al.,
20191, fully-supervised IDAM [Li et al., 2019] and unsuper-
vised FMR [Huang et al., 2020] on the ModelNet40 dataset.
The parameter settings of the traditional methods can be seen
in Appendix 3. The ModelNet40 dataset contains 12,311
mesh CAD models from 40 object categories. We select
2,468 models for testing and uniformly sample 784 points
from the outer surface of each model, where selected points
in each model are centered and rescaled to fit within the unit
sphere. We utilize the root mean square error (RMSE) and
mean absolute error (MAE) between ground truth and pre-
dicted transformations measure the quality of registration. All
angular error results are converted to the units of degrees. The
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target point clouds are obtained by transforming the source
point clouds via a randomly generated transformation ma-
trix. The rotation and translation along each axis uniformly
lie in the [0,45°] and [—0.5,0.5]. Notably, no ground-truth
transformation is involved in our model training and thus our
method is unsupervised. Fig. 3 shows the qualitative compar-
ison and more results can be seen in Appendix 1.

Train and test on the same categories. In this experi-
ments, the samples for training our model and other three
deep learning methods are from the same categories as the
testing samples. Notably, and the groud-truth transforma-
tions are required for PointNetLK and IDAM. As shown in
Table 1, benefitting from the learned precise dynamic model
and the effective CEM based search policy, our method can
obtain the highest precision in terms of the translation error
while the second highest precision in terms of the rotation
error. And, although the RMSE of our method in rotation
is worse than that of IDAM, the IDAM is fully-supervised,
which needs amounts of transformation labels as the super-
vision signal while our method is unsupervised and thus can
largely reduce the training cost.

Gaussian noise. To verify the robustness of our proposed
point cloud registration method, we train our model on the
noise-free data of ModelNet40 and test it on a new test dataset
disturbed by Gaussian noise. Following [Wang, 20191, the
noisy data is randomly sampled from a Gaussian distribution
with mean 0 and standard deviation 0.01, and then clipped to
[—0.05,0.05]. Table 1 shows that our method is robust to the
noise and can obtain superior score than other methods.

4.3 Evaluation on 7Scene

We further evaluate our method on the 7Scene dataset, which
is a real indoor dataset containing seven scenes: Chess, Fires,
Heads, Office, Pumpkin, Redkitchen and Stairs. Following
[Huang et al., 2020], We project the depth images into point
clouds, and generate 296 scans for training and 57 scans for
testing through the similar data processing in ModelNet40
dataset. Here, the target point cloud is also generated via per-
forming a randomly generated transformation on the source
point cloud. Table 1 summarizes the comparison results with
other methods on the 7Scene dataset and our method can still
yield good performance compared to other methods.

4.4 Ablation Study and Analysis

Encoder and decoder setting. For our auto-encoding
framework, we conduct ablation studies on ModelNet40 with
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Figure 3: The qualitative comparison with ICP, Go-ICP, Super4PCS, FGR, PointNetLK, FMR and IDAM on some example point clouds.

Model | RMSE(R) RMSE() MAER) MAE(®)
Folding_Enc + MLP 4.35 0.0039 0.68 0.0007
Folding_Enc + Folding_Dec 3.58 0.0033 0.47 0.0005
DGCNN + MLP 3.33 0.0036 0.43 0.0006
DGCNN + Folding_Dec 3.02 0.0028 0.28 0.0004

Table 2: Ablation study: Encoder and decoder setting.

different encoder and decoder settings. The tested encoders
include DGCNN and PointNet-like encoder with skip-links
used in FoldingNet (named Folding_Enc). The tested de-
coders include a MLP with three layers and the decoder of
FoldingNet (named Folding_Dec) which uses two consecu-
tive 3-layer MLPs to wrap a fixed 2D grid into the shape of
the input point clouds. As shown in Table 2, compared to
other settings, benefiting from the local geometric features
via constructing the £-NN graph in DGCNN and the effec-
tive reconstruction strategy in Folding_Dec, the DGCNN and
Folding_Dec can yield better performance.

Parameters of CEM. We further analyze the sensitivity of
hyper-parameters in CEM on registration precision, includ-
ing the iteration number and candidate number. As shown in
Fig. 4, the iteration number and candidate number increase,
the rotation errors tend to decrease (from blocks with light
colors to blocks with deep colors).

Computational efficiency. We also compare the inference
time of different methods on the ModelNet40 dataset. The
running time is measured in millisecond with a batch size of
1, averaged over the entire test set on a desktop computer
with an Intel 15-8400 CPU and Geforce RTX 2080Ti GPU.
Notably, the traditional methods are executed on CPU while
deep learning methods on GPU. The inference time of our
method is 75.638 and the inference time of other methods
are 8.168 (ICP), 2739.588 (Go-ICP), 6128.691 (Super4PCS),
52.203 (FGR), 386.244 (FMR), 180.645 (PointNetLK) and
41.401 (IDAM), respectively. Fig. 4 shows the running time
of our method in the cases of different iterations. From this
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figure, one can see that although our method can obtain higher
registration precision with the increase of iteration times, it
will need longer inference time. Therefore, it is necessary to
perform good balance between the precision and the speed.

Heatmap of rotation error (MAE)

500
Number of candidates

1000 6 8 10 12

Number of iterations

14 16

Figure 4: The left heatmap plots rotation errors on ModelNet40 with
different numbers of iterations 7" and candidates N. The right figure
shows the running time in the cases of different iterations.

5 Conclusion

In this paper, we proposed a novel registration method by
planning with a learned latent dynamic model. In detail, we
first designed an effective training framework to learn the
latent dynamic model consisting of a transformation func-
tion and a reward function. Then, with the learned dynamic
model, we utilized the trial-and-error based cross entropy
method to search for the optimal transformation, where the
dynamic model is utilized to evaluate the output of each trial
and guide the evolution of CEM. Extensive experimental re-
sults on ModelNet40 and 7Scene benchmark datasets demon-
strate that our method can yield good performance.

Acknowledgments

This work was supported by the National Science Fund of
China (Grant Nos. U1713208, 61876084, 61876083), Pro-
gram for Changjiang Scholars.



Proceedings of the Thirtieth International Joint Conference on Artificial Intelligence (IJCAI-21)

References

[Aiger er al., 2008] Dror Aiger, Niloy J Mitra, and Daniel Cohen-
Or. 4-points congruent sets for robust pairwise surface registra-
tion. In SIGGRAPH. 2008.

[Amos and Yarats, 2020] Brandon Amos and Denis Yarats.
differentiable cross-entropy method. In ICML, 2020.

[Aoki et al., 2019] Yasuhiro Aoki, Hunter Goforth, and Simon
Lucey. Pointnetlk: Robust & efficient point cloud registration
using pointnet. In CVPR, 2019.

[Besl and McKay, 1992] Paul J Besl and Neil D McKay. Method
for registration of 3-D shapes. In SFIV, 1992.

[Botev et al., 2013] Zdravko I Botev, Dirk P Kroese, Reuven Y Ru-
binstein, and Pierre L’Ecuyer. The cross-entropy method for op-
timization. In Handbook of statistics. 2013.

The

[Browne et al., 2012] Cameron B Browne, Edward Powley, Daniel
Whitehouse, Philipp Rohlfshagen, Stephen Tavener, Diego
Perez, Spyridon Samothrakis, and Simon Colton. A survey of
monte carlo tree search methods. TCIA, 2012.

[Chetverikov and Krsek, 2002] D. Chetverikov and P. Krsek. The
trimmed iterative closest point algorithm. In ORS, 2002.

[Chum and Matas, 2005] Ondrej Chum and Jiri Matas. Matching
with PROSAC-progressive sample consensus. In CVPR, 2005.

[Coulom, 2006] Rémi Coulom. Efficient selectivity and backup op-
erators in monte-carlo tree search. In /CCG, 2006.

[Deschaud, 2018] Jean-Emmanuel Deschaud. IMLS-SLAM: Scan-
to-model matching based on 3D data. In ICRA, 2018.

[Dong et al., 2014] Jianmin Dong, Yaxin Peng, Shihui Ying, and
Zhiyu Hu. LieTrICP: An improvement of trimmed iterative clos-
est point algorithm. Neurocomputing, 2014.

[Fischler, 1981] Martin A Fischler. Random sample consensus: A
paradigm for model fitting with applications to image analysis
and automated cartography. ACM, 1981.

[Fitzgibbon, 2003] Andrew W Fitzgibbon. Robust registration of
2D and 3D point sets. IVC, 2003.

[Gojcic et al., 2019] Zan Gojcic, Caifa Zhou, Jan D Wegner, and
Andreas Wieser. The perfect match: 3D point cloud matching
with smoothed densities. In CVPR, 2019.

[Hafner et al., 2019a] Danijar Hafner, Timothy Lillicrap, Jimmy
Ba, and Mohammad Norouzi. Dream to control: Learning be-
haviors by latent imagination. arXiv preprint arXiv:1912.01603,
2019.

[Hafner et al., 2019b] Danijar Hafner, Timothy Lillicrap, lan Fis-
cher, Honglak Lee, and James Davidson. Learning latent dynam-
ics for planning from pixels. In ICML, 2019.

[Huang et al., 2020] Xiaoshui Huang, Guofeng Mei, and Jian
Zhang. Feature-metric registration: A fast semi-supervised ap-
proach for robust point cloud registration without correspon-
dences. In CVPR, 2020.

[Khoury et al., 2017] Marc Khoury, Qian-Yi Zhou, and Vladlen
Koltun. Learning compact geometric features. In /CCV, 2017.

[Li er al., 2019] Jiahao Li, Changhao Zhang, Ziyao Xu, Hangning
Zhou, and Chi Zhang. Iterative distance-aware similarity ma-
trix convolution with mutual-supervised point elimination for ef-
ficient point cloud registration. arXiv preprint arXiv:1910.10328,
2019.

[Li er al., 2020] Xiang Li, Lingjing Wang, and Yi Fang. Unsuper-
vised partial point set registration via joint shape completion and
registration. arXiv preprint arXiv:2009.05290, 2020.

778

[Liu ef al., 2020] Zuxin Liu, Hongyi Zhou, Baiming Chen, Sicheng
Zhong, Martial Hebert, and Ding Zhao. Safe model-based re-
inforcement learning with robust cross-entropy method. arXiv
preprint arXiv:2010.07968, 2020.

[Mellado et al., 2014] Nicolas Mellado, Dror Aiger, and Niloy J
Mitra. Super4PCS: Fast global pointcloud registration via smart
indexing. In CGF, 2014.

[Moss, 2020] Robert J Moss. Cross-entropy method variants for
optimization. arXiv preprint arXiv:2009.09043, 2020.

[Qieral,?2017] Charles R Qi, Hao Su, Kaichun Mo, and
Leonidas J Guibas. Pointnet: Deep learning on point sets for
3D classification and segmentation. In CVPR, 2017.

[Rosin, 2011] Christopher D Rosin.
episode context. AMAI, 2011.

[Schonberger, 2016] Johannes L Schonberger.
motion revisited. In CVPR, 2016.

[Wang and Solomon, 2019] Yue Wang and Justin M Solomon.
Deep closest point: Learning representations for point cloud reg-
istration. In ICCV, 2019.

[Wang er al., 2019] Yue Wang, Yongbin Sun, Ziwei Liu, Sanjay E
Sarma, Michael M Bronstein, and Justin M Solomon. Dynamic
graph cnn for learning on point clouds. 7OG, 2019.

[Wang, 2019] Yue Wang. PRNet: Self-supervised learning for
partial-to-partial registration. In Neurips, 2019.

[Wong et al., 2017] Jay M Wong, Vincent Kee, Tiffany Le, Syler
Wagner, Gian-Luca Mariottini, Abraham Schneider, Lei Hamil-
ton, Rahul Chipalkatty, Mitchell Hebert, David MS Johnson,
et al. Segicp: Integrated deep semantic segmentation and pose
estimation. In /ROS, 2017.

[Yang et al., 2013] Jiaolong Yang, Hongdong Li, and Yunde Jia.
Go-ICP: Solving 3D registration efficiently and globally opti-
mally. In CVPR, 2013.

[Yang er al., 2018] Yaoging Yang, Chen Feng, Yiru Shen, and
Dong Tian. Foldingnet: Point cloud auto-encoder via deep grid
deformation. In CVPR, 2018.

[Yang et al., 2020] Lei Yang, Wenxi Liu, Zhiming Cui, and Wen-
ping Wang. Mapping in a cycle: Sinkhorn regularized unsuper-
vised learning for point cloud shapes. In ECCV, 2020.

[Yew and Lee, 2020] Zi Jian Yew and Gim Hee Lee. RPM-Net:
Robust point matching using learned features. In CVPR, 2020.

[Zhou et al., 2016] Qian-Yi Zhou, Jaesik Park, and Vladlen Koltun.
Fast global registration. In ECCV, 2016.

Multi-armed bandits with

Structure-from-



	Introduction
	Related Work
	Approach
	Problem Setting
	Learning Latent Dynamic Model
	Planning for Point Cloud Registration

	Experiments
	Implementation Details
	Evaluation on ModelNet40
	Evaluation on 7Scene
	Ablation Study and Analysis

	Conclusion

