Shape registration in the time of transformers
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Abstract

In this paper, we propose a transformer-based procedure for the efficient registration
of non-rigid 3D point clouds. The proposed approach is data-driven and adopts for
the first time the transformer architecture in the registration task. Our method is
general and applies to different settings. Given a fixed template with some desired
properties (e.g. skinning weights or other animation cues), we can register raw
acquired data to it, thereby transferring all the template properties to the input
geometry. Alternatively, given a pair of shapes, our method can register the first
onto the second (or vice-versa), obtaining a high-quality dense correspondence
between the two. In both contexts, the quality of our results enables us to target real
applications such as texture transfer and shape interpolation. Furthermore, we also
show that including an estimation of the underlying density of the surface eases the
learning process. By exploiting the potential of this architecture, we can train our
model requiring only a sparse set of ground truth correspondences (10 ~ 20% of
the total points). The proposed model and the analysis that we perform pave the
way for future exploration of transformer-based architectures for registration and
matching applications. Qualitative and quantitative evaluations demonstrate that
our pipeline outperforms state-of-the-art methods for deformable and unordered
3D data registration on different datasets and scenarios.

1 Introduction

Recent technological advancements of 3D acquisition pipelines have produced an abundance of
available data. The direct consequence is the non-standardization of the acquisition process. Such
technological democratization brings along a disparate amount of different representations, dis-
cretization, and arbitrary resolution. Given so, the request to align such data has become urgent.
Furthermore, data-driven statistical approaches require aligned data to relate feature changes across
the population, inferring underlying patterns.

The Computer Vision community has devoted an extraordinary effort in the last decades to address
3D objects analysis. A common way to approach this problem is to align the geometry of one
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Figure 1: Some results in real application targeted by our method. In the first row, three examples of
texture transfer on human shape pairs. In the second and third row, two examples of interpolation
between intra-class and inter-class shapes from ShapeNet (one for each row).

known shape to an incoming one. Such methodology is referred to as registration. Many different
axiomatic pipelines have been proposed that address different kind of objects and domains. While
many methods rely on the assumption that the shapes used in the registration task differ just by a rigid
transformation, the non-rigid domain is far more complex and interesting. This category pertains
organic objects (e.g., humans, animals, internal organs), which are particularly interesting as well.
Non-rigid registration aims to align two geometries that may differ by bending and stretching of the
geometry, which may also significantly modify its metric. This problem is even more complicated if
the geometry representation is given just by a sparse point cloud.

However, an emerging field merges data with classical algorithmic problems, exploiting such statistics
as regularization. Among the different learning approaches, recently, the use of the Attention
mechanism has become significantly popular in NLP domain, being later transferred to Computer
Vision applications. Such architecture is called Transformers, and they represent one of the most
significant groundbreaking methodological advancement since the introduction of CNNs.

In this work, we aim to let non-rigid registration meet the transformers. Intuitively, we aim to use the
transformer as a geometrical translator between two non-rigid point clouds. As the first element,
we modified the attention mechanism, proposing to make it aware of the underlying density of the
geometry. Hence, we apply such a mechanism in an autoencoder—like architecture, which takes a
template point cloud as input and aims to modify its geometry to fit the target point cloud.

The proposed method achieves better results than several state-of-the-art competitors in the shape
matching task. We show results on humans case, but also inter-class objects. In this second case,
our method is trained in an unsupervised manner, showing the power of our attention mechanism to
infer the underlying geometry. Also, thanks to the attention mechanism, we are able to interpret what
the network considers relevant for the registration. Finally, we can target texture transfer and shape
interpolation showing applicability in real tasks as demonstrated in[T}

Our contributions could be summarized as follows: (a) We propose the first transformer for non-rigid
registration task, showing the advantages of translation paradigm; (b) We modified the attention
mechanism to make it aware of the point cloud density and of the underlying geometry of a shape;
(c) We significantly improve the state-of-the-art performances on different datasets and challenging
scenarios.

All code and data is publicly availableﬂ

"https://github.com/GiovanniTR A/transmatching



2 Related work

Shape matching is a problem with a tradition of decades. For a complete overview, we refer to the
surveys [54,51]]; below we cover the literature that more closely relates to our work.

Surface matching Early attempts to match non-rigid objects work under the assumption of near
isometry. Such is the case, for instance, of blended intrinsic maps [27], which combine multiple
conformal mappings with an additional penalty to preserve local areas. Similarly, several variants and
applications of the functional maps framework [41] implicitly assume near isometries by requiring a
special structure of the functional representation, or by means of dedicated regularizers [42} 140, 18|
38, 149]] also designed for handling partial shapes [50, [L1} 45]. A common drawback to these works
is that they do not disambiguate the intrinsic shape symmetries; further, the surface connectivity
introduces a structural bias which may affect the performance, as recently shown in [36]]. An attempt
to overcome these issues was proposed in [37], but with the extra assumption that the shapes to match
are in the same pose. More recently, SmoothShells [[15] proposes an iterative algorithm to recover
dense correspondences by an alignment of intrinsic information. While these methods do not address
3D shape registration directly, they rely on the general idea that a correspondence can be recovered
by aligning specialized, possibly high-dimensional embeddings of the shapes at hand.

Template-free registration A popular approach to solve for a matching between 3D objects is to
align their geometries extrinsically via ICP-like procedures [5| 29, 2]. In fact, registration and
matching are intimately related problems with different goals. While the matching problem aims to
find a combinatorial solution, which indicates for each point its image on the target shape, registration
looks for a spatial transformation of the geometry. If the two shapes have a significantly different
discretization, the latter problem is less ambiguous than the former. ICP-based approaches iteratively
solve the two subproblems in an alternating fashion, by finding a point-to-point correspondence and
the best transformation that adheres to such correspondence. These methods do not convergence to a
good solution if the input shapes are significantly misaligned. Similarly, Coherent Point Drift [39]
and variants [26, 22]] rephrase the registration problem as an alignment of probability densities.

Template-based registration

A different family of approaches make use of a given template, which is known a priori and is possibly
parametric, toward which a given input shape is to be matched. Taking as an example the case of
human bodies, it is common to model the surface deformation related to the subject identity using
PCA [ 3131} 44]], while recent advancements in statistical data-science suggested that non-linear
methods are more expressive to catch fine details of humans [48}, 159, 9]. Similarly, the pose can be
modeled by simple paradigms like Linear-Blend Skinning [31} 144, triangle deformations [3 23], but
also learning methods [59]]. Efforts to register such templates to arbitrary target models have been
carried out extensively by the community [23 161132} 33]]. However, the requirement of a template is
not always easy to satisfy.

Learning methods With the rise of learning methods, several attempts have been made to introduce
a statistical prior to the matching and registration process. For example, several extensions have been
proposed to bring the functional maps formalism into a learning paradigm [30,13}[53]]. SmoothShells
has also been extended to be data-driven [16]. The point cloud representation has received comparably
less attention, mainly in a rigid alignment setting [24} 43| |52]]. In the non-rigid domain, a seminal
work is 3DCoded [19] that proposes a proper registration using an autoencoder architecture. However,
having a fixed template forbids inter—class operations and limits the use of the point cloud structure.
The constraint of having a fixed template has been relaxed in [21] but it still requires couple of
isomorphic shapes in training. Recently, it has been proposed to learn a linearly-invariant embedding
[34]], but the method requires training two separate networks and relies on simple PointNets [46]
which are not able to catch the fine details of the objects. Finally, a recent trend in geometric deep
learning suggests that implicit representations may also be used for shape matching [6].

Transformer-based architectures Transformers have been first introduced in the context of neural
machine translation by the pioneering work [56], and later procedeed to revolutionize the field of
natural language processing [[12}147]]. The success obtained in NLP inspired further work to employ
transformers in computer vision [[14], where they managed to outperform convolutional networks.
Exploiting the input invariance property characterising the attention mechanism, many works have



naturally extended transformers to handle point clo2@s80, [17]. These works show promising
results, but work only in the context of object classi cation and segmentation. Instederpposes

a network to nd the rigid alignment between two point clouds imitating ICP, and using a transformer
architecture to infer the residual term. Differently, we aim to solvenfarrigid registration, which is

a more general case.

3 Notation and general objective

3D shapesNVe model 3D shapes as compaadimensional Riemannian manifold¥$ , possibly with
boundary@M . In the discrete setting, we represent the manifdldas an unorganized point cloud
of ny vertices embedded iR3, and encoded in a coordinate matky, 2 R™

Shape registrationThe main objective of this paper is to intro-

duce a data-driven approach to perform shape registration. Given

asourceshapeS and atargetshaperT , respectively represented

by the sets of verticeXs andX, our goal is to nd a corre-

sponding 3D position for each point $ion the surface of .

An example is shown in the inset gure, where the underlying

surface is visualized for reference Only. source target registration

Our method doesotassume the sourc&to be a xed template, but can generalize to arbitrary shape
pairsS andT ; this is in contrast, e.g., withLP], where the objective is to learn how to deform a xed
known template into another shape.

Attention One of the most in uential ideas in the recent years, attention originated in the realm of
natural language processing but has since gained traction in other elds, such as computer vision and
signal processing, due to the vast increase in performance and interpretability exhibited in several
tasks. At its heart, the attention mechanism allows learning models to encode latent relations between
inputs, assigning higher importance, or "attention”, to the parts deemed more relevant. In this sense,
attention allows to ef ciently capture context information as well as higher order dependencies.

Formally, given two generic input sequen¢és 2 R" 9 andX, 2 R™ ¢ (for clarity of exposition

we assume a constant embedding dimendijdiut it is not a necessary assumption), the attention
mechanism models the linearly encoded representation of the inputs as triplets of query, key, and
value matrices, respective@ 2 R" 4 K 2 R™ 9 andV 2 R™ 9. The attention scoré/ is then

de ned asW = softmax QK Td %> and used to compute the weighted mean of the value vectors,
resulting in an output feature matiix = WV . We refer toself-attention wheneveX ; andX , are

the same object, and use the terross-attention otherwise.

4 Method

Our method takes as input two point clols andX s, with nt andng points respectively, and
deforms the points of the source shape to tthe geometry described by the target point cloxgl .

To do so, we rely on a novel attention mechanism which considers the underlying geometry conveyed
by the point cloud, rather than treating the points simply as elements of a set.

Surface Attention The classic attention de nition, as introduced in Section 3, looks at the input data
points simply as elements of a set, and uses the computed attention scores to perform a weighted sum
of the value vectors. When the value vectors represent a sampling of a signal over a surface, however,
the natural domain for the integration should be the surface itself, of which the weighted sum is just
an approximation highly sensitive to the speci ¢ surface sampling (depending, for instance, on the
acquisition method).

To overcome this limitation we propose to modify the attention mechanism to consider the portion of
surface represented by each point, weighting the attention score by an estimated local area element.

In practice, for each point; 2 X, we estimate its area contribution as the inverse of the local point
density:A(X); = (jfx; 2 X st:kxj xikz <rgj) !, wherej j denotes the cardinality of a set,
andr is a local radiusr( = 0:05in our experiments). Note that, we are not interested in the absolute
value of the area elements, rather on the relative contribution of each point. The surface attention
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Figure 2: The proposed transformer-based architecture for 3D point cloud registration. The latent
probes capture the geometry of the input target sikapehrough the encoder layers. The resulting
latent vectors drive the deformation of an input source sbagpén the decoding layers, resulting in

a deformation of the points of s to t the geometry ofX t.

score is thus de ned as: W x)
eVii A(X):
WI,J . eWi:t A (X )t (1)

As in the classical attention, output features are comput&d\ﬁs Figure 3 shows that the surface
attention mechanism results in a more stable localization of the attention scores across different
samplings of the surface.

In our architecture, each time attention is computed over point clouds, we use such formulation.

Architecture The architecture we propose, portrayed in Figure 2, istenatively conditioned
autoencoder. The two main ingredients are an encoder, that maps a target poit £loud a latent
spaceL.St, and a decoder, that deforms a source point clégdo resemble the geometry of the
target point cloud .

The encoder draws inspiration froi29], featuring a set of learnable parameters, we refer to them as
latent probed P . It presents multiple layers of cross attention which iteratively condition the latent
probes P with the embedding oK 1 . After each conditioning, the resulting latent space is further
transformed by layers of self attention, feed forwards and residual connections. The encoder output is
a set of latent vectosSt containing relevant information collected from the target point clgyd

The decoder is analogous to the encoder but the relationship between the latent space and the point
cloud in the cross attention is reversed. That is, the embedding of the source poinK¢jaad
transformed and iteratively conditioned with the latent sga®e produced by the encoder. This
procedure induces a deformationX§ that, after a nal MLP layer, aligns to the points ¥fr .

Training Given a training dataset equipped with a ground-truth correspondence, we train our net-
work in a supervised setting. Starting from a set of shapes in correspondence, we minimize the
reconstruction error using the standard reconstruction loss:

LSUP(Xg;X1) = kX1 D(Xs;E(XT))K3: 2)

Furthermore, in case a ground-truth correspondence is not available, our network can be trained in an
unsupervised way using the Chamfer distance, betweemandYr = D(Xs;E(Xt)), as de ned
below:

X - X .
min ks tk3 + min kt  sk3: (3)
t2VYr s2X Tt

s2Xt t2Yr

Testing At test time, our network can register a point cloud to another instantaneously, with a
single forward pass. In the following experiments that involve the computation of matching, the
correspondence can be obtained just by looking for the Euclidean nearest-neighbor bétwaed

the outpuD (X s; E(X 1)) in the3D space.

Re nement The peculiar structure of our architecture allows us to re ne the output during the testing
procedure. This is achieved by minimizing the energy functieamfe(X 1 ; D (Xs; E(X1))) with
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