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Abstract

In this paper, we study the representation of the shape and pose of objects using their
keypoints. We propose an end-to-end method that simultaneously detects 2D keypoints
from an image and lifts them to 3D. The proposed method learns both 2D detection and
3D lifting only from 2D keypoint annotations. In addition to being end-to-end from
images to 3D keypoints, our method also handles objects from multiple categories using
a single neural network. We use a Transformer-based architecture to detect the keypoints,
as well as to summarize the visual context of the image. This visual context information
is used while lifting the keypoints to 3D, to allow context-based reasoning for better
performance. Our method can handle occlusions as well as a wide variety of object
classes. Our experiments on three benchmarks show that our method performs better
than the state-of-the-art. Code https://github.com/ybarancan/end2end3D.

1 Introduction

A keypoint-based shape and pose representation is attractive because of its simplicity and
ease of handling. Example applications include 3D reconstruction [10, 31, 40], registra-
tion [20, 26, 27, 52], and human body pose analysis [4, 6, 29, 39], recognition [17, 37], and
generation [44, 53]. The keypoints are often detected as 2D image coordinates due to the
ease of the corresponding annotation. But in many applications (e.g. augmented reality),
both 3D shape and pose are required [47] for the subsequent geometric reasoning tasks.

Estimating keypoints in 3D [42, 43, 47, 55] has two pitfalls: (i) the need of 3D keypoints,
pose, or multi-view for supervision; (ii) the lack of direct pose reasoning with respect to a
canonical frame. Learning-based methods can provide both 3D keypoints and pose from
a single image, making them suitable for applications from scene understanding [13] to
augmented reality [28]. Template-based single view methods [38, 51] may also be used to
obtain 3D keypoints and pose from 2D keypoints. However, besides requiring templates,
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Figure 1: Our method can provide accurate 3D estimations for diverse categories directly
from a single image. The 2D keypoints are detected and used with an image-based feature
vector to produce 3D estimates.

they are known to be sensitive to self-occlusions [11]. Therefore, we adopt a learning-based
method for single view inference of both the 3D keypoints and the pose of objects.

In this paper, we consider that only one image per object is available both during training
and inference. This allows us to learn from diverse datasets, such as internet image collec-
tions, potentially offering us a high generalization ability. For better scalability, we also as-
sume that only minimalistic supervision in the form of 2D keypoints and objects' categories
are available. Existing methods that learn 3D shape and pose from an image collection by
object categories are also known as deep non-rigid structure-from-motion (NrSfM) due to
their underlying assumption. The method proposed in this paper also belongs to the same
class, which can be divided into single [23, 35, 48, 54] and multi-category [31] methods.
Multi-category methods estimate 3D shape and pose of various classes of objects, and are
interesting due to two main reasons, (i) computational: one single neural network can infer
shapes and poses for objects from different categories; (ii) relational: possibility of establish-
ing/exploiting relationships across categories. This is in contrast to single-subject methods
such as [23, 49] where a different model is trained for each test sample. Instead we follow
the standard setting and procedure used in [31, 33, 48].

Most existing methods [9, 23, 31, 35, 48, 54] that output pose estimates from images
operate in two stages; 2D keypoint extraction followed by 3D shape and pose estimation.
These two stages are often performed independently. We argue that these two stages are
dependent and can mutually bene�t from each other. Thus, 2D keypoints can be extracted
while being suitable for the down-streaming task of 3D reasoning. In particular, we extract
the visual context information along with the 2D keypoints from the keypoint extraction
network. Later, both visual context and 2D keypoints are provided in a differentiable way to
the network that lifts 2D keypoints to 3D. Our experiments clearly demonstrate the bene�t
of visual context information during 3D pose and shape recovery.

We model the 3D shape using a dictionary learning approach, similar to [31], where the
shape basis for the union of categories are learned. The instance-wise shape is then recovered
with the help of the shape basis coef�cients. However, it is known that the size of the shape
basis requires careful tuning [31, 35]. In the multi-category setting, the latent space is shared
by all categories and each category can have a different optimal shape basis size. Moreover,
directly using the shape coef�cients results in being over-sensitivity to small perturbations
in the input. We show that both problems can be solved with a simple formulation, that
sparsi�es the shape basis by applying cut-off on the shape coef�cients based on a learned
threshold vector. This new formulation with a negligible number of additional parameters
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allows for a much simpler network compared to sparse dictionary-based networks [23].
The major contributions of our work can be summarized as:

• End-to-end reconstructing of 3D shape and pose in a multiple category setup, using a
single neural network.

• We propose to use auxiliary image context information to improve the performance.
• Our method achieves state-of-the-art results in the multi-category setting, with signif-

icant improvement.

2 Related Work

The task of lifting 2D keypoints of deformable objects to 3D from a single image has been
mostly studied in the context of NrSfM, where the task is to recover the poses and view-
points from multiple observations in time of an object [1]. Signi�cant research in NrSfM
exists such as sparse dictionary learning [22, 56], low-rank constraints [12], union of local
subspaces [57], diffeomorphism [32], and coarse-to-�ne low-rank reconstruction [2]. It is
possible to use NrSfM frameworks to build category-speci�c models that can learn to esti-
mate pose and viewpoint from a single image by treating the images of the same category as
observations of a single object deformed at different time steps [8, 23, 24].

Obtaining the 3D structure of an object from a single image has been studied sparsely.
In [19] instance segmentation datasets were used to train a model that outputs 3D meshes
given an image. Correspondences between 2D-3D keypoints were also used to improve
results [21]. While some recent methods can estimate the viewpoint and non-rigid meshes,
these methods work on objects with limited diversity, such as faces [18, 36, 50].

The closest line of work to ours involves building a single model for a diverse set of
input classes. C3DPO [30] proposed to learn the factorization of the object deformation
and viewpoint change. They propose to enforce the transversal property through a separate
canonicalization network that undoes rotation applied on a canonical shape. Park et al. pro-
posed using Procrustean regression [34] to determine unique motions and shapes [35]. They
also propose an end-to-end method using a CNN that can output 3D location of human key-
points from the image. However, their method cannot handle multiple object categories or
occluded keypoints. Moreover, it requires temporal information in the form of sequences.
Human pose estimation is also tackled in [9], where the authors propose a cyclic-loss and
discriminator. They further boost their results by using temporal information and additional
datasets for the training of their GAN. However, their method is limited to human pose es-
timation. Recently [48] extended Procrustean formulation with autoencoders and proposed
a method that can infer 3D shapes without the need for sequence. However, their method
requires a more complex network, two encoders, as well as Procrustean alignment optimiza-
tion at test-time, which renders the method slow [48]. All these methods accept 2D keypoints
as input rather than images and tackle the problem of obtaining 3D keypoint locations from
a single image using a separate keypoint detector, such as a stacked hourglass network [46].

3 Multi-category from a Single View

We extract 3D structures in the form of 3D keypoints, given only an image of an object
category. During training, we only have access to the 2D location of keypoints and the
category label. For simplicity, we separate our solution into two parts: category and 2D
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Figure 2: System pipeline. Multi-category from a single view.

keypoints extraction from the image and lifting them to 3D. We will �rst focus on lifting the
given 2D keypoints to 3D, followed by the end-to-end network introducing our 2D keypoint
extractor and the tight coupling with the lifter network.

3.1 Multi-category NrSfM

Let Y i = [ yi1; : : : ;yik] 2 R2� k be a stacked matrix representation ofk 2D keypoints from the
ith view. We represent the structure of theith view asX i = a |

i S, using the shape basisS2
RD� 3k and coef�cientsa i 2 RD. For simplicity, we assume that the keypoints are centered
and normalized and that the camera follows an orthographic projection model, represented
by P = [ I2� 2 0]. Given the camera rotation matrixRi 2 SO(3), as well as the centered and
normalized keypoints, we can writeY i = PRi(I3 � a |

i S), where the operationI3 � sreshapes
the row vectors2 R1� 3k to a matrix of the fromR3� k. The recovery of shape and pose by
NrSfM givenn views can be written as1,

min
a i ;S;Ri2SO(3)

n

å
i= 1

L (Y i ;PRi(I3 � a |
i S)) : (1)

whereL (a;b) is a norm-based loss of the formka� bk.
In the context of multi-class NrSfM, our method extracts 3D structures of objects from a

wide variety of classes. Thus,(I3 � a |
i S) 2 R3� k, should be able to express the 3D structure

of objects with different number of keypoints. LetZ represent the set of object categories and
zi 2 Z be the category of samplei. Let each categoryz2 Z be represented bykz keypoints,
thus we have a total ofk = å zkz keypoints. To “access" the correct keypoints we have a
subset selection vectorzz 2 f 0;1gk that indicates which dimensions relate to categoryz.
Given these multi-category de�nitions, we can reformulate 1 as

min
a i ;S;Ri2SO(3)

n

å
i= 1

L (Y i � zzi ;PRi(a
|
i S) � zzi ); (2)

where� is the broadcasted elementwise multiplication.
In the above formulation,Ri anda i are inputs, hence category dependent, whileS is

shared among all categories. To formulate the problem as a learning-based approach, leta i
be the output of a function of inputY i , i.e. a (Y i). Let us separate the functiona (:) into two
composite functionsa (Y i) = g( f (Y)) , with g(:) being an af�ne function,g(u) = Wgu + bg
with u 2 RF ;Wg 2 RD� F ;bg 2 RD. We do not place any restriction on the functionf (:) other
than taking some observationY i and outputting a vector of dimensionF. Moreover, let us
rewriteRi as a function of the inputy, i.e. R(y). Representing all the parameters withq, the
problem de�nition becomes

min
q

å
i

L
�
Y � zzi ;P

�
R(Y)([Wg f (Y)+ bg]S

�
� zzi

��
: (3)

1We will omit I3 and the transposition ofa throughout the rest of the paper for the ease of notation.
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Figure 3: Cut-off coef�cients translate the original latent space (a) bybS to the representation
in (b). This enables the latent space vectors (S1 andS2) to have non-negative coef�cients.
The latent space vectors (S1 andS2) as well as the translation termbs are learned from the
data while adding negligible number of parameters.

In the above formulation, shape basis coef�cientsa i are latent codes with latent space basis
vectorsWg and a translation termbg, which are shared for all categories. Projecting fea-
tures of objects from different categories into a shared latent space lets the method extract
cross-categorical geometric relationships, please refer to Supp for visuals. Moreover, it sub-
stantially simpli�es computations since we do not require a separate network for each class.

3.2 Cut-off Shape Coef�cients

Equation 3 is under-determined unless there are additional constraints imposed on the sys-
tem. The most common constraint is restricting the dimensionD of the shape basis coef�-
cientsan [1, 5]. However, selecting the optimal cardinality requires careful tuning [31, 35].
Since our method extracts 3D structures of objects from a wide variety of classes, the latent
space has to accommodate latent codes from a wide range of inputs. Since most objects share
some common characteristics, using different manifolds for each class results in failure to
utilize cross-class information and an increase in the complexity of the method. On the other
hand, the dimensionality of the optimal manifold is different for each class. Thus, ideally,
we would like to automatically select a manifold for each input in a way that maximizes the
performance. Note that the optimal manifold selection does not only depend on the object
class, and we encourage cross-class rules for manifold assignment.

The manifold selection problem can be posed as integer problem, where given a sample
Yn, the network selects a subset of the basis vectorsS. This can be formalized using a binary
selection vectorIn 2 f 0;1gD whereå d In[d] � D;8n. Given the the basis coef�cientsbn 2
RD, the representation ofYn is y n = ( In � bn)S. Since this formulation is non-differential, we
propose a differentiable alternative which we call cut-off coef�cients. The idea is to truncate
negative shape coef�cients to zero allowing the network a differential way to select basis
vectors. To gain back the expressiveness of full range shape coef�cients we introduce a bias
term, which allows the network to learn basis which are suited for non-negative coef�cients.
This idea is visualized in Fig 3. The latent space in the �gure is 2-dimensional and the
effect of the proposed formulation is translating the latent space by a vectorbs such that the
coef�cients of the latent vectors are non-negative for any input. Thus, we arrive atŷ n =
bnS+ bS wherebn 2 RD

� 0 andbS 2 RB. Note that the non-negativity constraint can be simply
implemented using a ReLU based truncation (bn = ReLU(b0

n)). Furthermore, we want to
highlight that this formulation does not reduce the expressiveness of the network, even if we
would not re-optimize the basis, please see Supp for the proof.
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Figure 4: Our method uses a transformer architecture to extract 2D keypoints, object class,
and a context vector. The detected keypoints and the context vector are processed by a fully
connected network to output 3D keypoints and viewpoint from only a single image. The
whole end-to-end training is only supervised by 2D keypoint annotations.

Applying the proposed cut-off coef�cient approach to our problem Eq. 3 we get,

L
�
Y � z ;P

�
R(Y)(ReLU(Wg f (Y)+ bg)S+ bS

�
� z

��
: (4)

Thus, we get the discussed advantages, mainly that our method learns to adaptively pick the
active basis vectors, thus selecting the dimensionality of the manifold. Furthermore, all parts
including the shape basis vectorsS, the coef�cient generating functionWg f (:) + bg and the
biasbS, are learned from the data. Note that the proposed formulation does not require ISTA
iterations [12] which is employed in [23] through a speci�c encoder-decoder architecture.
Moreover, the learnable bias term differentiates our method from sparsity iteration while not
changing the expressiveness of the original model.

The proposed formulation has the property of allowing for sparseness, which encourages
the representation of the objects in the shape space, i.e. coef�cientsb to be disentangled
[3, 15]. Intuitively, as the number of active (non-zero) coef�cients increases, more different
combinations of the shape basis vectorsS can arrive at the same solution. By allowing to
automatically cut off coef�cients, the network can learn a small number of shape coef�cients
to represent changes from one object to another, thus each coef�cient can learn to represents
a different major variation. Moreover, the cut-off imposed by the ReLU implies that a small
change in the coef�cients will, likely, not result in any change in the output if the coef�cient
is inactive, which improves the robustness of the overall method.

4 End-to-End Learning from Images

The image of an object can be used for more than only 2D keypoint extraction. We propose
to detect the 2D keypoints from the image and extract a context vector that can be used in
conjunction with the 2D keypoints to obtain a better 3D estimation. The detected 2D key-
points and context vector are used by the lifter network, in our end-to-end trainable pipeline.

4.1 Keypoints from Images

We require a method that can output the locations of an object category dependent pre-
de�ned set of keypoints. Therefore, the problem at hand naturally extends to object classi-


