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3 Computer Vision Lab, ETH Zürich, Switzerland
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Abstract. Automatic discovery of category-specific 3D keypoints from
a collection of objects of a category is a challenging problem. The dif-
ficulty is added when objects are represented by 3D point clouds, with
variations in shape and semantic parts and unknown coordinate frames.
We define keypoints to be category-specific, if they meaningfully repre-
sent objects’ shape and their correspondences can be simply established
order-wise across all objects. This paper aims at learning such 3D key-
points, in an unsupervised manner, using a collection of misaligned 3D
point clouds of objects from an unknown category. In order to do so, we
model shapes defined by the keypoints, within a category, using the sym-
metric linear basis shapes without assuming the plane of symmetry to be
known. The usage of symmetry prior leads us to learn stable keypoints
suitable for higher misalignments. To the best of our knowledge, this is
the first work on learning such keypoints directly from 3D point clouds
for a general category. Using objects from four benchmark datasets, we
demonstrate the quality of our learned keypoints by quantitative and
qualitative evaluations. Our experiments also show that the keypoints
discovered by our method are geometrically and semantically consistent.

Fig. 1: Category-specific 3D Keypoints. The predicted keypoints follow the
symmetric linear shape basis prior modeling all instances in a category under a
common framework. They not only are consistent across different instances, but
also are ordered and correspond to semantically meaningful locations.
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1 Introduction

A set of keypoints representing any object is historically of large interest for ge-
ometric reasoning, due to their simplicity and ease of handling. Keypoints-based
methods [1–3] have been crucial to the success of many vision applications. A
few examples include; 3D reconstruction [4–6], registration [7–10], human body
pose [11–14], recognition [15,16], and generation [17,18]. That being said, many
keypoints are defined manually, while considering their semantic locations such
as facial landmarks and human body joints, to address the problem at hand. To
further benefit from their widespread utility, several attempts have been made
on learning to detect keypoints [19–23], as well as on automatically discovering
them [24–27]. In this regard, the task of learning to detect keypoints from several
supervision examples, has achieved many successes [20,28]. However, discovering
them automatically from unlabeled 3D data –such that they meaningfully rep-
resent shapes and semantics– so as to have a similar utility as those of manually
defined, has received only limited attention due to its difficulty.

As objects of interest reside in the 3D space, it is not surprising that 3D key-
points are preferred for geometric reasoning. For the given 3D keypoints, their
counterparts in 2D images can be associated by merely using camera projection
models [29–31]. However, being able to directly predict keypoints on provided
3D data (point clouds) has the advantage that the task can be achieved when
multiple camera views or images are not available. In this work, we are inter-
ested on learning keypoints using only 3D structures. In fact, 3D structures with
keypoints suffice for several applications including, registration [32], shape com-
pletion [33], and shape modeling [34]; without requiring their 2D counterparts.

When 3D objects go through shape variations, due to deformation or when
two different objects of a category are compared, consistent keypoints are desired
for meaningful geometric reasoning. Recall the examples of semantic keypoints
such as facial landmarks and body joints. To serve a similar purpose, can we au-
tomatically �nd kepoints that are consistent over inter-subject shape variations
and intra-subject deformations in a category? This is the primary question that
we are interested to answer in this paper. Furthermore, we wish to discover such
keypoints directly from 3D point sets, in an unsupervised manner. We call these
keypoints “category-specific”, which are expected to meaningfully represent ob-
jects’ shape and offer their correspondence order-wise across all objects. More
formally, we define the desired properties of category-specific keypoints as: i)
generalizability over different shape instances and alignments in a category, ii)
one-to-one ordered correspondences and semantic consistency, iii) representative
of the shape as well as the category while preserving shape symmetry. These
properties not only make the representation meaningful, but also tend to en-
hance the usefulness of keypoints. Learning category-specific keypoints on point
clouds, however, is a challenging problem because not all the object parts are
always present in a category. The challenges are exacerbated when the practi-
cal cases of misaligned data and unsupervised learning are considered. Related
works do not address all these problems, but instead opt for; dropping category-
specificity and using aligned data [26], employing manual supervision on 2D
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images [20], or using aligned 3D and multiple 2D images with known pose [27].
The latter method achieves category-specificity without explicitly reasoning on
the shapes. Yet another work leverages predefined local shape descriptors and a
template model [35] specifically on faces.

In this paper, we show that the category-specific keypoints with the listed
properties can be learned unsupervised by modeling them with non-rigidity,
based on unknown linear basis shapes. We further impose an unknown reflective
symmetry on the deformation model, when considering categories with instance-
wise symmetry. For categories where instance-wise symmetry is not applicable,
we propose the use of symmetric linear basis shapes in order to better model,
what we define as symmetric deformation spaces, e.g., human body deforma-
tions. This allows us to better constrain the pose and the shape coefficients
prediction. Our proposed learning method does not assume aligned shapes [27],
pre-computed basis shapes [20] or known planes of symmetry [36] and all quan-
tities are learned in an end-to-end manner. Our symmetry modeling is powerful
and more flexible compared to that of previous NRSfM methods [36, 37]. We
achieve this by considering the shape basis for a category and the reflective
plane of symmetry as the neural network weight variables, optimized during
the training process. The training is done on a single input, circumventing the
Siamese-like architecture used in [7,26]. At inference time, the network predicts
the basis coefficients and the pose in order to estimate the instance-specific key-
points. Using multiple categories from four benchmark datasets, we evaluate the
quality of our learned keypoints both quantitatively and with qualitative visu-
alization. Our experiments show that the keypoints discovered by our method
are geometrically and semantically consistent, which are measured respectively
by intra-category registration and semantic part-wise assignments. We further
show that symmetric basis shapes can be used to model symmetric deformation
space of categories such as the human body.

2 Related Work

Category-specific keypoints on objects have been extensively used in NRSfM
methods, however, only few methods have tackled the problem of estimating
them. In terms of the outcome, our work is closest to [27], which learns category-
specific 3D keypoints by solving an auxiliary task of rigid registration between
multiple renders of the same shape and by considering the category instances to
be pre-aligned. Although the method shows promising results on 2D and 3D, it
does so without explicitly modeling the shapes. Consequently, it requires renders
of different instances to be pre-aligned to reason on keypoint correspondences
between instances. A similar task is also solved in [20] for 6-degrees of freedom
(DoF) estimation which uses low-rank shape prior to condition keypoints in 3D.
Although, the low-rank shape modeling is a powerful tool, [20] requires super-
vision for heatmap prediction and relies on aligned shapes and pre-computed
shape basis. [28] also predicts keypoints for categories with low-rank shape prior
but the method is again trained on fully supervised manner. Moreover, all of
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the mentioned methods learn keypoints on images as heatmaps and thereafter
lift them to 3D. Different from the other works, [35] exploits deformation model
and symmetry to directly predict keypoints on 3D but requires a face template,
aligned shapes and known basis. Shape modeling of category shape instances has
been widely explored in NRSfM works. Linear low-rank shape basis [5, 38, 39],
low-rank trajectory basis [40], isometry or piece-wise rigidity [41, 42] are some
of the different methods used for NRSfM. Recently, a few number of works have
used low-rank shape basis in order to devise learned methods [4, 28,36,43]. An-
other useful tool in modeling shape category is the reflective symmetry, which is
also directly related to the object pose. Although [37] showed that the low-rank
shape basis can be formulated with unknown reflective symmetry, its adaptation
to learned NRSfM methods is not trivial. Recent methods, in fact, assume that
the plane of symmetry is one among a few known planes [44]. Moreover, none
of the methods formulate symmetry applicable for non-rigidly deforming objects
such as the human body. A parallel work [45] on this regard models symme-
try probabilistically in a warped canonical space to reconstruct 3D of different
objects.

While shape modeling is a key aspect of our work, another challenge is to
infer ordered keypoints by learning on unordered point sets. Despite several
advances on deep neural networks for point sets [46–48], current achievements of
learning on images dwarf those of learning on point sets. A related work learns to
predict 3D keypoints unsupervised by again solving the auxiliary task of correctly
estimating rotations in a Siamese architecture [49]. The keypoint prediction is
done without order by pooling features of certain point neighborhoods. Another
previous work [7] proposes learning point features for matching, again using
alignment as the auxiliary task. Matching such keypoints across shapes is not an
easy task as the keypoints are not predicted in any order. In the following sections
we show how one can model shape instances using the low-rank symmetric shape
basis and use the shape modeling to predict ordered category-specific keypoints.

3 Background and Theory

Notations. We represent sets and matrices with special Latin characters (e.g.,
V) or bold Latin characters (e.g., V). Lower or uppercase normal fonts, e.g.,
K denote scalars. Lowercase bold Latin letters represent vectors as in v. We
use lowercase Latin letters to represent indices (e.g., i). Uppercase Greek letters
represent mappings or functions (e.g., �). We use L to denote loss functions.
Finally the operator mat(:) converts a vector v 2 R3N�1 to a matrix M 2 R3�N .

3.1 Category-specific Shape and Keypoints

We represent shapes as point clouds, defined as an unordered set of points S =
fs1; s2; : : : ; sMg; sj 2 R3, j 2 f1; 2; : : : ;Mg. The set of all such shapes in a
category defines the category shape space C. We write a particular i-th category-
specific shape instance in C as Si. For convenience, we will use the terms category-
specific shape and shape interchangeably. The category shape space C can be
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anything from a set of discrete shapes to a smooth manifold of category-specific
shapes spanned by a deformation function 	C . The focus of the work is on
learning meaningful 3D keypoints from the point set representation of Si. To that
end, this section defines category-specific keypoints and develops their modeling.

Category-speci�c keypoints. We represent category-specific keypoints of a shape
Si as a sparse tuple of points, Pi = (pi1; pi2; : : : ; piN ); pij 2 R3, j 2 f1; 2; : : : ; Ng.
Unlike the shape, its keypoints are represented as ordered points. Our objective
is to learn a mapping �C : Si ! Pi in order to obtain the category-specific
keypoints from an input shape Si in C. Although not completely unambiguous,
we can define the category-specific keypoints using the properties listed in Sec. 1.
In mathematical notations they are:

(i) Generalization: �C(Si) = Pi; 8Si 2 C.
(ii) Corresponding points and semantic consistency: Given Sa;Sb 2 C, we want

paj , pbj . Similarly, paj and pbj should have the same semantics.
(iii) Representative-ness: vol(Si) = vol(Pi) and pij 2 Si, where vol(.) is the Vol-

ume operator for a shape. If Si 2 C has a reflective symmetry, Pi should have
the same symmetry.

3.2 Category-specific Shapes as Instances of Non-Rigidity

Several recent works have modeled shapes in a category as instances of non-
rigid deformations [4,28,36,43]. The motivation lies in the fact that such shapes
often share geometric similarities. Consequently, there likely exists a deformation
function 	C : ST ! Si, which can map a global shape property ST (shape
template or basis shapes) to a category shape instance Si. However, we argue
that modeling 	C is not trivial and in fact a convenient representation of 	C may
not exist in many cases. This observation, in fact, is what makes the dense Non-
Rigid Structure-from-Motion (NRSfM) so challenging. On the other hand, one
can imagine a deformation function �C : PT ! Pi, going from a global keypoints
property PT to the category-specific keypoints Pi. The deformation function �C
thus satisfies: pij 2 �C implies pij 2 	C and effectively, �C � 	C , if the set
order in Pi is ignored. Unlike 	C , the deformation function �C may be simple
enough to model and use for estimating the category-specific keypoints Pi. We
therefore, choose to seek the non-rigidity modeling in the space of keypoints
P = fP1;P2; : : : ;PLg, which functions as an abstraction of the space C. Non-
rigidity can be used to define the prediction function �C as below:

�C(Si; �) = �C(ri; �) = Pi (1)

where � denotes the constant function parameters of �C and ri is the predicted
instance specific vector parameter. In our problem, we want to learn � from the
example shapes in C without using the ground-truth labels, supervised by �C . In
the NRSfM literature, two common approaches of modeling shape deformations
are the low-rank shape prior [5, 38–40] and the isometric prior [41, 42]. In this
paper, we investigate the modeling using the low-rank shape prior, with instance-
wise symmetry as well as symmetry of the deformation space.
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3.3 Low-Rank Non-rigid Representation of Keypoints

The NRSfM approach of low-rank shape basis comes as a natural extension of
the rigid orthographic factorization prior [50] and was introduced by Bregler
et al. [38]. The key idea is that a large number of object deformations can be
explained by linearly combining a smaller K number of basis shapes at some
pose. In the rigid case, this number is one, hence the rank is 3. In the non-rigid
case, it can be higher, while the exact value depends on the complexity of the
deformations. Consider F shape instances in C and N points in each keypoints
instance Pi. The following equation describes the projection with shape basis.

Pi = �C(ri; �) = Ri mat(BC ci) (2)

where BC = (B1; : : : ;BK);BC 2 R3N�K forms the low-rank shape basis. The rank
is lower than the maximum possible rank of 3F or N for 3K < 3F or 3K < N .
The vector ci 2 RK denotes the coefficients that linearly combines different
basis for the keypoints instance i. Each keypoints instance is then completely
parametrized by the basis BC and the coefficients ci. Next, the projection matrix
Ri 2 SO3 is simply the rotation matrix for the shape instance i.

Unlike in NRSfM, the problem of computing the category-specific keypoints,
has Pi as unknown. Similar to NRSfM, the rest of the quantities in Eq. (2) – ci,
BC and Ri are also unknown. This fact makes our problem doubly hard. First the
problem becomes more than just lifting the 2D keypoints to 3D and second, the
order of keypoints present in the NRSfM measurements matrix is not available.
We intend to solve the aforementioned problems by learning based on Eq. (2),
which is related to the deformation representation of �C in Eq. (1). Here, �
includes the global parameters or basis BC and ri includes the instance-wise pose
Ri and coefficients ci. To further reduce ambiguities on pose, we propose to also
compute the reflective plane of symmetry for a category.

3.4 Modeling Symmetry with Non-Rigidity

Many object categories have shapes which exhibit a fixed reflective symmetry
over the whole category. To discover and use symmetry, we consider two different
priors: instance-wise symmetry and symmetric deformation space.

Instance-wise symmetry. Instance-wise reflective symmetry about a fixed plane
is observed in a large number of rigid object categories (e.g. ShapeNet [51] and
ModelNet [52]). Such a symmetry has been previously combined with the shape
basis prior in NRSfM [37], however, a convenient representation for learning both
the symmetry and the shapes have not been explored yet. A recent learning-based
method [36,44] uses the symmetry prior by performing an exhaustive search over
a few planes in order to predict symmetric dense non-rigid shapes. However, such
a strategy may not work when the shapes are not perfectly aligned. Instance-wise
symmetry can be included by re-writing Eq. (2) as follows:

Pi 1
2

= Ri mat(BC 1
2

ci); Pi =
�
Pi 1

2
ACPi 1

2

�
(3)
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where Pi 1
2
2 R3�N/2 represents one half of the category-specific keypoints. Pi 1

2

is reflected using AC 2 R3�3 and concatenated to obtain the final keypoints. Due
to the exact instance-wise symmetry, we similarly can parametrize the basis as
BC 1

2
2 R3N/2�K to denote the shape basis for the first half of the keypoints.

The reflection operator AC is parametrized by a unit normal vector nC 2 R3 of
the plane of symmetry passing through the origin. The advantage of going from
Eq. (2) to Eq. (3) should be apparent from the reduced dimensionality of the
unknowns in BC as well as the additional second equality constraint of Eq. (3),
which reduces the ambiguities in NRSfM [37].

Symmetric deformation space. In many non-rigid objects, shape instances are
not symmetric. However, symmetry may still exist in the deformation space,
e.g., in a human body. Suppose that a particular shape instance Sk 2 C has the
reflective symmetry about nC , which allows us to define its two halves: Sk 1

2
and

S0
k 1

2

and thus correspondingly for all shape instances.

Definition 1 (Symmetric deformation space). C is a symmetric deforma-
tion space if for every half shape deformation instance Si 1

2
, there exists any shape

instance Sj 2 C such that the S0
j 1

2

is symmetric to Si 1
2
.

The above definition also applies for the keypoints shape space P. The instance-
wise symmetric space is a particular case of the above. However, Eq. (3) cannot
model the keypoints instances in the symmetric deformation space. We model
such keypoints by introducing symmetric basis that can be weighted asymmet-
rically, thereby, obtaining the following:

Pi = Ri

h
mat(BC 1

2
ci) mat(B0C 1

2

c0i)
i

(4)

where B0C 1
2

is obtained by reflecting BC 1
2

with AC and c0i 2 RK forms the

coefficients for the second half of the basis. Although Eq. (4) increases the di-
mension of the unknowns in the coefficients over Eq. (2), the added modeling of
the symmetry of the deformation space and the reduced dimensionality of the
basis can improve the final keypoints estimate. This brings us to the following
proposition.

Proposition 1. Provided that BC 1
2

and B0C 1
2

are symmetric about a plane,

Eq. (4) models a symmetric deformation space if the estimates of ci and c0i come
from the same probabilistic distribution.

Proof. The proof is straightforward and provided in the supplementary material.

As a consequence of Proposition 1, we can model keypoints in non-rigid sym-
metric objects with Eq. (4), while also tightly modeling the symmetry as long
as we maintain the distribution of c and c0 to be the same.
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4 Learning Category-specific Keypoints

In this section, we use the modeling of �C to describe the unsupervised learning
process of the category-specific keypoints. More precisely, we want to learn the
function �C : Si ! Pi as a neural network of parameters �, using the supervisory
signal from �C . In regard to learning keypoints on point sets, recent work [26]
trains a Siamese network to predict order-agnostic keypoints stable to rotations
for rigid objects [26]. Part of our network architecture is inspired from [26], which
is based on PointNet [46]. However, we use a single input avoiding the expensive
Siamese training. The network architecture is shown in Fig. 2, whose input
consists of a single shape Si misaligned in SO2. This is reasonable since point
clouds are usually aligned to the vertical direction. We describe the different
components of the network architecture below.

Misaligned Input Shape

Nodes 
branch

Pose and coefficients 
branch 

Sampling & clustering

Mx3

mlp
(C1, C1, K+1)

Rotation

Coefficients
...,

Additional learnable parameters

Nx3
mlp

(C4,C3,3)

Nx3

mlp
(C1,C1,C1)

mlp
(C2,C2)

mlp
(C3,C3,C3)MxC2 NxC3

Category-specific keypoints

Nodes

C1, C2, C3, C4 = 64, 128, 256, 512

1D Conv + BN + ReLU
Max pool

KNN 
grouping

Fig. 2: Network architecture: The pose and coe�cients branch and the addi-
tional learnable parameters generate the output category-specific keypoints. The
nodes branch estimates the nodes that guide the learning process. “mlp” stands
for multi-layer perceptron. Refer to Sec. 3 for the modeling, Sec. 4 for learning.

Node branch. This branch estimates a sparse tuple of nodes that are po-
tentially category-specific keypoints but are not ordered. We denote them as
Xi = fxi1; xi2; : : : ; xiNg; xij 2 R3 and j 2 f1; 2; : : : ; Ng. Initially, a predefined
number of nodes N are sampled from the input shape using the Farthest Point
Sampling (FPS) and a local neighborhood of points is built for each node with
point-to-node grouping [26, 53], creating N clusters which are mean normalized
inside the network. Every point in Si is associated with one of these nodes. The
branch consists of two PointNet-like [46] networks followed by a kNN grouping
layer that uses the initial sampled nodes to achieve hierarchical information ag-
gregation. Finally, the local feature vectors are fed into a Multi-Layer Perceptron
(MLP) that outputs the nodes.

Pose and coe�cients branch. We predict the quantities Ri and ci with this
branch. We use a single rotation angle to parametrize Ri. The branch consists
of an MLP that estimates the mentioned parameters. The output size varies
depending on whether we are interested in symmetric shape instances as in
Eq. (3) or symmetric basis as in Eq. (4), the size being double in the latter.


