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a b s t r a c t 

Deep Bayesian Networks are a hot topic in Deep Learning because this approach makes it possible to 

minimize both the epistemic and the homoscedastic uncertainty at the same time self balancing multiple 

and complementary losses for a given task, simply by employing standard operations such as dropout, 

mean squared error or cross-entropy. On the other hand, Capsule networks are a novel DNN architecture 

that offer a richer representation because each concept is represented by a number of different vectors. 

The bayesian formulation of the Capsule networks is still an open problem that we address in this paper. 

We present a bayesian formulation of Capsule networks and compare its performance against the state- 

of-the-art for the ill-posed regression problem of estimating the 3D human pose from a single 2D image. 

The results show that our network is very competitive with a much more straightforward solution. To 

enable fair comparisons the source code is openly available at https://github.com/rollervan/BCN _ 3DPose/ 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

Deep neural networks (DNN) are possibly the Machine Learn-

ing (ML) technique with the fastest growing research effort in

computer science, worldwide, ever. In less than a decade numer-

ous large datasets have become readily available, also, computa-

tional power, open source libraries and a multitude of tutorials

for and from the ML community of researchers, practitioners and

academia. Many of the state-of-the-art DNN architectures are off-

the-shelf, pretrained with huge datasets, lasting many hours and

with powerful computers, so that with minimal changes and much

less computational effort can be adapted to a specific task and

carry out production quickly [1] . 

DNN as presented above are an archetype of a discriminative,

black-box model: lacking in transparency and poor at representing

uncertainty, with the additional shortcoming of being impossible

to interpret. For instance, consider the simple task of single-label

classification with a DNN. Given a new instance, the DNN will re-

turn a probability over all the possible classes, but we do not have

a measure of how much uncertainty there is in every probability

mass. In order to assess the quality of the estimators one can pro-

ceed in a frequentist way as in the Bag of little Bootstraps (BLB) [2] .

But again, the quality of the estimator does not provide a reliable

way to state the confidence in their estimations. 
∗ Corresponding author. 

E-mail address: juanjose.pantrigo@urjc.es (J.J. Pantrigo). 
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On the other hand, in the bayesian formulation of neural net-

orks (NN), weights, biases, number of neurons and number of

idden layers are all considered sources of uncertainty, and there-

ore modeled by probability distributions that can be assumed a

riori and updated with data a posteriori. Classification and re-

ression tasks are cast as the problem of estimating the distribu-

ion over the network outputs given a dataset and a model. Addi-

ionally, it also makes it possible to estimate the distribution over

he network outputs given the dataset but not necessarily condi-

ioned on a particular model, and even over a set of models, given

he data. Bayesian Neural Networks (BNN) were introduced early in

3] within a proposal to compute the posterior of the parameters

lgorithmically via the Laplace approximation, and more broadly

n [4] , with a quantitative and practical approach that tackles the

rchitecture selection, the choice of weight decay terms and the

ncertainty in network parameters and outputs. After some years

f decreasing interest in NN, the arrival of DL has brought new

esults in BNN [5,6] , and has sparked the Deep Bayesian Networks

DBN), [7–9] . Interestingly, dropout has recently been revisited as a

ayesian approximation for representing and estimating the model

ncertainty [10] ; whereas stochastic gradient descent (SGD) has

een investigated as an approximation of bayesian inference in

11] . 

Dealing with the interpretability of DNN models is much

arder. Convolutional neural networks (CNN) attain excellent re-

ults in computer vision because images have strong local corre-

ations which are exploited by the convolutional neurons. Within

his scope it is possible to explain the contribution of each

https://doi.org/10.1016/j.neucom.2019.09.101
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neucom
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2019.09.101&domain=pdf
https://github.com/rollervan/BCN_3DPose/
mailto:juanjose.pantrigo@urjc.es
https://doi.org/10.1016/j.neucom.2019.09.101
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onvolutional neuron as a kernel that enhances some visual fea-

ure. But these good properties are not transferable to the gen-

ral problem in which instances are described by an array of

rbitrarily ordered attributes. A novel neural network architec-

ure known as Capsule Networks (Capsnets), introduced in [12,13] ,

ransforms the feature space into a higher dimensional space in

hich each instance is represented by a set of vectors bounded

o norm one. Each vector encodes the input, but having many of

hem also makes it possible to encode the variability of the ab-

tract concept or general entity . This variability may include pose,

llumination, texture, etc. depending on the data set. Besides, the

orm of every vector is interpreted as the probability of such a

ector representing a given concept . The intuition is that having

ne of these vectors close to norm one may be enough to clas-

ify the instance because it is very distinctive, so the represen-

ation obtained with Capsnets hierarchizes the features in some

ay. 

Doing bayesian inference on Capsnets is still an open issue.

iven the qualities of both lines, the hypothesis is that Bayesian

apsnets generalize better while allowing the uncertainty to be

odelled. 

Besides, this novel architecture, while promising, has been only

ested in simple classification tasks based on toy datasets such as

NIST [14] . Thus, we test a Bayesian Capsnet architecture in a

ore challenging field: 3D human pose estimation from 2D im-

ges. The 3D human pose estimation problem can trace its ori-

ins back to the early works of [15] and [16] , where the goal was

o “understand” the motion of an object (person) through a se-

uence of images. Such a problem requires possibly the integration

f different techniques such as time analysis, image processing, ob-

ects tracking, human-based modelling priors, multi-modalities im-

ge acquisition, etc. Scene understanding, activity recognition or

io-metrical estimation are a few examples of motivation interests

or predicting 3D human poses from 2D images. Other approaches

estrict the input, commonly a 2D RGB image, to a binary silhou-

tte image [17,18] , or a 2D coordinates matrix [19,20] where the

oal is to infer the third depth coordinate. Recently, with the rise

f deep learning and machine learning development, a great effort

ave been carried out to abstract and learn a meaningful repre-

entation of scenes and human poses, that, in the particular prob-

em of 3D coordinates prediction can be cast in mainly two ap-

roaches as described in [21] : 1) In a direct way (in this paper

nderstood as ‘end-to-end’), in-which 3D coordinates are inferred

irectly from 2D RGB images using machine learning systems or, 2)

hrough modular systems that integrates separable and indepen-

ent parts that are ultimately combined to predict the coordinates.

he former, as in [22,23] for 3D pose prediction and [24,25] for

D, mainly makes use of CNNs and MLP neural networks. On the

ontrary, the latter, although shown in literature as a win strategy

n terms of metric results [26–29] , lacks of a well-defined latent

nd generalizable representation. For this reason, we explore the

bility of the recent proposed Capsule Network architecture [12] to

redict 3D human pose coordinates in a straightforward global ar-

hitecture. 

Thus, in this paper we present the following contributions: 1)

e introduce a fully bayesian formulation of Capsule Networks. 2)

e show its potential by solving an ill-posed problem such as the

uman 3D pose estimation from a single 2D image. To this end,

e propose a NN architecture. 3) We attain the results with less

ncertainty and less error, outranking the best solution under the

ame conditions so far. 

The rest of the paper is organized as follows. In Section 2 we

resent the basic theoretical background on BNN and Capsnets. In

ection 3 we introduce the bayesian formulation of Capsule Net-

orks. In Section 4 we present the network architecture for the

ase study of human 3D pose estimation. Experiments, results and
omparisons with the state-of-the-art are shown in Section 5 . Fi-

ally we discuss the results and give conclusions in Section 6 . 

. Preliminaries 

Before presenting our contributions and results, we introduce

he notation used throughout the paper as well as recapping basic

ackground on BNN and Capsule Networks. 

Notations 

Throughout this paper we mark with a hat those variables that

re estimations obtained by means of a NN, e.g. ˆ y , with a star

hose which are the solution of an optimization problem, e.g. w 

∗,

nd with an accent the samples from a probability distribution, e.g.

˜  ∼ p(x ) . The 2-norm of a vector x is expressed as ‖ x ‖ 2 , whereas

 X ‖ F represents the Frobenius norm of a matrix X . Finally, I n is the

dentity matrix of size n × n 

Let X be a data set of N instances { x ( i ) }, and let Y be a set of the

orresponding labels, or a ground truth, { y ( i ) }, for i = 1 . . . N. We

ill also assume that the pairs ( x ( i ) , y ( i ) ) are i.i.d. Let f : X → Y be

he function implemented by a given NN, and let ˆ y = f (x ; W ) be

he output of such a NN for a given input x and a given configura-

ion of the weights and biases of the NN, jointly represented by W

nd referred to simply as the weights . 

.1. Bayesian neural networks 

The bayesian approach is two-fold. On one hand it is the maxi-

um a posteriori estimation of the NN weights. On the other hand,

t is the bayesian inference of the target output according to a pre-

iction distribution. Below, we next present the basic background

f both together with the issues raised and the state-of-the-art so-

utions. 

.1.1. Maximum a posteriori estimation of the weights 

One bayesian approach to NN consists of setting p ( W ), a prior

robability distribution over the weights of the NN, and then look

or W 

∗, the maximum a posteriori (MAP) weights given the data

 and Y . According to the Bayes theorem and taking into account

hat the input is independent of the weights, the MAP problem is

ormalized as 

 

∗ = arg max 
W 

{ p(W | X , Y ) } = arg max 
W 

{ p(W ) p(Y | X , W ) } , (1)

here p ( Y | X, W ) is the likelihood and p ( W | X, Y ) is the posterior .

he proposal in [30] is to assume that both the likelihood and

he prior are Normal distributions. Specifically, the prior over the

eights is a multivariate normal centred in 0 with covariance ma-

rix �=σw 

I . For the sake of clarity, we use σ w 

. 

p(W ) = 

1 √ 

2 πσw 

exp 

(
−‖ W ‖ 

2 
2 

2 σ 2 
w 

)
. (2) 

he likelihood of a pair ( x ( i ) , y ( i ) ) is centered on the output of the

N f ( x ( i ) ; W ) with standard deviation σ , 

p(y (i ) | x (i ) , W ) = 

1 √ 

2 πσ
exp 

(
−‖ y (i ) − f (x (i ) ; W ) ‖ 

2 
2 

2 σ 2 

)
. (3) 

The standard deviations introduced in the last two expressions

re associated to different types of uncertainty in bayesian mod-

ling. According to [30] , σ w 

is the Epistemic uncertainty of the

odel, and σ is the Aleatoric uncertainty associated to the diffi-

ulty on the particular task. If the aleatoric uncertainty is the same

or all the inputs, it is said to be homoscedastic. On the contrary, if

t depends on the input data it is known as heteroscedastic. In this

aper we assume homoscedasticity. 
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Taking into account that p(Y | X , W ) = 

∏ N 
i =1 p(y (i ) | x (i ) , W ) , intro-

ducing (2) and (3) into (1) , and taking logarithms we have 

{ W 

∗, σ ∗, σ ∗
w 

} = arg min 

W ,σ,σw 

{L MSE + L H + L T + L E } , (4)

where L MSE = 

1 

2 σ 2 

1 

N 

N ∑ 

i =1 

(‖ y (i ) − f (x (i ) ; W ) ‖ 

2 
2 

)
, (5)

L H = log σ, (6)

L T = 

1 

2 σ 2 
w 

‖ W ‖ 

2 
2 , (7)

L E = log σw 

. (8)

In the functional above, (5) is the Mean Squared Error (MSE) or

L 2 loss function and (7) is the Tikhonov regularization over the

weights which in NN is usually introduced in the minimization

step referred to as weight decay . Additionally, the normality as-

sumptions have brought the homoscedastic term (6) and the epis-

temic term (8) . Otherwise these two terms can be renamed into a

constant λ, recovering the loss function L = MSE + λ‖ W ‖ 2 
2 

for non

bayesian NN. 

Notice that lim σ→ 0 log σ = lim σw → 0 log σw 

= −∞ ; so both (6)

and (8) may dominate the minimization (4) . Pushing σ towards

0 means attaining 100% accuracy, but σ w 

towards 0 carries ‖ W ‖ 2 2 
to 0 and viceversa. We deal with this issue in the Practical BNN

section, below. 

2.1.2. Bayesian inference 

Another bayesian approach to NN is through inference, predict-

ing the target y for a new given input x according to the prediction

distribution 

p(y | x, X , Y ) = 

∫ 
p(y | x, W ) p(W | X , Y ) dW . (9)

Since integrating over all possible weight configurations is com-

putationally intractable, the posterior is approximated by a fam-

ily of probability distributions q θ ( W ). The parameter θ is found

looking for the one that minimizes the KL divergence with the

actual posterior distribution. This is known as the variational ap-

proach, which leads to maximizing the Evidence Lower Bound

(ELBO) which, after manipulation, can be expressed in the two

terms below. 

θ ∗ = arg min 

θ

{
KL 

(
q θ (W ) 

)‖ p(W | X , Y ) 
}

= arg max 
θ

{ ELBO } 
= arg min 

θ

{
−E q θ

(
log p(Y | X , W ) 

)
+ KL 

(
q θ (W ) ‖ p(W ) 

)}
. (10)

This is tractable via Monte Carlo integration. Let { ̃  W t } t=1 ... T ∼
q θ (W ) be a set of T samples drawn from the distribution q θ . Then,

−E q θ

(
log p(Y | X , W ) 

)
≈ − 1 

T 

T ∑ 

t=1 

log p 
(
Y | X , ̃  W t 

)
, (11)

KL 
(
q θ (W ) ‖ p(W ) 

)
≈ 1 

T 

T ∑ 

t=1 

log ̃  W t − 1 

T 

T ∑ 

t=1 

log p( ̃  W t ) . (12)

Once θ ∗ is estimated, E q ∗
θ

(
p(y | x, W ) 

)
is also approximated via

Monte Carlo. 
.1.3. Practical BNN 

The choice of the prior is a key of the Bayesian approach. We

ave shown that the assumption of normality leads to terms in

he loss function that may make training difficult, whereas choos-

ng another prior should also take into account how easy it is to

ample from. The solution to the first issue, proposed in [10] , is

o remove (7) and (8) from the functional in (4) and use dropout

nstead. Dropout was firstly introduced in [31] as a way of pre-

enting overfit in DNN. Later in [30] , it was explained as if every

eight in a NN was multiplied by a binary random variable z with

robability π , i.e. z ∼ Ber( π ). Hence, doing dropout in every layer

s a practical way of getting samples ˜ W t ∼ p(W ) , not necessarily

ormally distributed. By doing so, and defining s = log σ 2 , (4) is

ewritten as. 

 W 

∗, s ∗} = arg min 

W ,s 

{
e −s L MSE + s 

}
. (13)

oreover, if we consider L MSE as the loss of a given task, we can

xtend (13) for multiple tasks carried out by the same NN as fol-

ows: 

 W 

∗, s ∗1 . . . s 
∗
τ } = arg min 

W ,s 1 ... s τ

{
e −s 1 L 1 + s 1 + · · · e −s τ L τ + s τ

}
. (14)

In summary, dropout in every layer is an easy way towards BNN

n practice and provides two extra advantages: it makes it possi-

le to minimize the uncertainty in the model by using (13) ; and

t makes it possible to self-balance multiple losses in the same NN

ecause s 1 , . . . , s τ are optimized at the same time in (14) . Notice

hat (14) requires the loss functions to be MSE. Kendall et al. show

n [32] that it is also possible to use softmax as the activation of

he last layer and then cross-entropy for the loss. Thus, BNN can

e applied both in regression and classification tasks. 

.2. Capsule networks 

The so-called Capsule Network architecture has been released

ecently [12] , initially with the purpose of image recognition, in-

roducing some variations with respect to the Convolutional Neural

etworks (CNN). For the sake of completeness, we summarize here

he most relevant facts of them as presented in [12] , although us-

ng a simplified notation. The Capsule network architecture can be

ivided in 5 steps: Input, Encapsulation, Inverse graphics, Routing

nd Output, depicted in Fig. 1 . 

The feed-forward step during training is detailed in

lgorithm 1 . Notice that the coefficients c k,j are updated in

his step, whereas the matrices A k,j are updated in the back-

ropagation. 

. Bayesian capsule networks 

In this paper we introduce a Bayesian formulation of Capsnets.

o this end, we propose introducing prior knowledge as restric-

ions over the matrices A k,j related to their geometric interpreta-

ion. In [12] authors justify these matrices as the inverse of com-

uter graphics, in which a 3D scene is shown in a 2D screen, thus

educing the dimensionality. 

Here, on the contrary, every capsule u j ∈ R 

S is mapped K times

nto a higher dimensional space by means of linear transfor-

ations A k, j ∈ R 

S ′ ×S , to obtain v k, j = A k, j · u j , with v k, j ∈ R 

S ′ and

 

′ > S . Following on with the intuition behind Inverse graphics, ev-

ry v k,j is an estimation in a higher dimensional space of its projec-

ion u j . Hence, it is reasonable to expect to recover the projection

y means of an inverse transformation B k, j ∈ R 

S×S ′ , such that 

ˆ 
 j = B k, j · v k, j , subject to B k, j A k, j = I S . 
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Fig. 1. CapsNet module. Capsules are created reshaping the feature maps incoming from a previous NN. Then each one is mapped K times into a higher dimensional space. 

The results are combined and squashed into the outgoing capsules. The block with the red line is the squash function. In this Figure M = N = D = 16 , J = 512 , S = 8 , S ′ = 16 

and K = 17 . Dropout is proposed in this paper as part of the Bayesian formulation. 

Algorithm 1 Capsule network feed-forward pass in training. 

Hyperparameters : J, K and S ′ are positive integers arbitrarily chosen. 

Preconditions : The reminder of M· N · D divided by J must be 0. 

Postconditions : 0 < ‖ φk ‖ 2 ≤ 1 for k = 1 . . . K. 

Def: Reshape J×S : R 

M×N×D → R 

J×S , with J = MND/S. 

Def: squash ( u ) = 

(‖ u ‖ 2 2 · u 

)
/ 
(
1 + ‖ u ‖ 2 2 · ‖ u ‖ 2 

)
Steps: 

1. Input: ψ ∈ R 

M×N×D . 

2. Encapsulation: U = { u j } j=1 ... J = Squash 
(
Reshape J×S ( ψ ) 

)
, 

~ with u j ∈ R 

S and U ∈ R 

J×S . 

3. Inverse graphics: v k, j = A k, j · u j , ~~ with v k, j ∈R 

S ′ , 

~ A k, j ∈R 

S ′ ×S ,and V k = { v k, j } k =1 ... K ∈R 

K×S ′ . 
4. Routing: Compute coefficients c k, j with the 

~ Routing by agreement algorithm, as in [12], 

~ s.t. 
∑ K 

k =1 c k, j = 1 ; c k, j ∈ R . 

5. Output: φk = Squash 

(∑ J 
j=1 

c k, j v k, j 

)
Return: 
 = { φk } k =1 ... K , where φk ∈ R 

S ′ and 
 ∈ R 

K×S ′ 
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R  
learly, the first candidate for B k,j is A 

(−1) 
k, j 

, the pseudo-inverse of

 k,j . However, this pseudo-inverse has a closed form when A k,j has

ull rank, which is a very weak constraint. 

Instead we propose learning the matrix B k,j at the same time as

 k,j . This is equivalent to relaxing the constraint on the invertivility

f the retro-projection so ˆ u j = B k, j A k, j u j ≈ u j . 

emma. Let A and B two matrices such that B is left-compatible with

. If ‖ BA − I ‖ 2 
F 

≈ 0 then B is a consistent left pseudo-inverse matrix of

 in the sense of the Frobenius norm. 

roof. Consider the vector u , its projection v = A u due to the lin-

ar transformation A and its estimated retro-projection 

ˆ u = B v due

o the linear transformation B . Assuming that ‖ BA − I ‖ 2 
F 

≈ 0 , we

ave that 

 ≤ ‖ ̂

 u − u ‖ 

2 
F = ‖ BA u − u ‖ 

2 
F ≤ ‖ (BA − I ) ‖ 

2 
F · ‖ u ‖ 

2 
F ≈ 0 . 

et ˆ v = A ̂

 u be the projection of the estimated retro-projection 

ˆ u .

ence, 0 ≤ ‖ ̂ v − v ‖ 2 F = ‖ A ̂

 u − A u ‖ 2 F ≤ ‖ A ‖ 2 F · ‖ ̂  u − u ‖ 2 F . Therefore, if

 ̂

 u − u ‖ 2 ≈ 0 , then ‖ ̂ v − v ‖ 2 ≈ 0 too. �

F F 
Thus we are allowing a certain amount of uncertainty in the

nly step of the Capsnet that is learned during back-propagation.

oreover, we can control it by assuming a prior jointly over A k,j 

nd B k,j , 

p(A k, j , B k, j ) = 

1 √ 

2 πσb 

exp 

(
−‖ B k, j A k, j − I S ‖ 

2 
F 

2 σ 2 
b 

)
, 

(15)

here σ b represents the uncertainty in the elements of matrix B . 

We then can incorporate this prior to (1) , assuming the same

ikelihood as in (3) , and assuming that matrices A k,j , B k,j are inde-

endent from parameters W , to obtain the following optimization

roblem, similar to (13) , 

 W 

∗, s ∗, s ∗b } = arg min 

W ,s,s b 

{
e −s L MSE + s + e −s b L b + s b 

}
, (16)

here L b = 

1 

JK 

J ∑ 

j=1 

K ∑ 

k =1 

‖ B k, j A k, j − I S ‖ 

2 
F (17)

nd s b = log σb . In other words, there are two new terms due to

he uncertainty in the elements of matrix B . Remember that, in or-

er to be bayesian, the above expression imposes doing dropout

n all the layers of the full NN. With regards to a Capsnet module

ithin such a NN, this is only possible after the Encapsulation and

efore the Inverse Graphics. Thus we propose a dropout that ran-

omly sets to zero some capsule components before going into the

nverse graphics step. �

. Capsnet architecture for the human 3.6 challenge 

In order to try the bayesian formulation on a real problem and

how its performance, in this paper we attempt to infer the 3D

uman pose from a single 2D RGB image; where the pose is given

y the 3D coordinates of 17 joints in a human skeleton. 

Since there are infinite different projections from a 3D space

nto 2D, the 3D pose reconstruction using 2D data is an ill-posed

ptimization problem which needs to be regularized. This can be

one in a variational framework as in [33] . Another approach is

o cast it as a regression problem to be solved with a DNN that

stimates every joint. Dealing in this way with such an ill-posed

roblem requires prior information. For instance in [21] a biologi-

al probabilistic model is proposed. The other option is to do Deep

egression Bayesian Networks. To the best of our knowledge the
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Fig. 2. Global structure of the proposed CapsNet-based Bayesian Neural Network for the Human3.6M challenge. The input image is first analyzed through a CNN with 

Residual blocks. The feature maps are sent into a Bayesian CapsNet as defined in this paper. The CapsNet output provides encoded vectorial features that are decoded in 

three different versions of the same concept: 2D and 3D coordinates together with Joint heat maps. The loss is a self-balanced combination of the loss from each task plus 

the one due to the prior on the Capsnet. 
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work that best fits in this line is [34] . These works cited are com-

mented later in Section 5 . 

In this paper we solve the regression problem in a model-free

NN, end-to-end, architecture that incorporates Bayesian Capsnets

as defined above. The whole system attempts to minimize a multi-

task objective to improve the accuracy of the main target (3D co-

ordinates) avoiding the use of other techniques such as transfer-

learning, using other datasets or taking into account the previous

images if the image belongs to a video-sequence. The data set used

is known as Human 3.6 , described in detail in Section 5 . 

The architecture proposed is depicted in Fig. 2 and consists of

3 modules, each being a NN of a different kind. The input im-

age is firstly processed by a CNN with residual blocks. Then a

Bayesian Capsnet transforms the feature maps into capsules and fi-

nally three different Bayesian Fully Connected (FC) NN produce the

estimation of the 3D pose together with a reconstruction of the 2D

pose and heat maps of each joint. Each one is described in detail

below. 

4.1. CNN With residual blocks 

The input image is first processed by a CNN consisting of 4 con-

volutional layers with residual units, kernels of size 9 × 9, stride = 2

and padding “valid”, followed by a ReLU activation function. The

combination of stride and padding produces a reduction of the in-

put size. Besides, the layers produce 32, 64, 128 and 16 feature

maps respectively. Thus, with this configuration the output tensor

of this module has size 16 × 16 × 16. 

The residual units were proposed in [35] for allowing features

to skip convolutional layers, thus acting as an identity function,

which is known to be hard to “mimic” by a convolutional network.

In this module Dropout is not used. The reason is that con-

volutional neurons are equivalent to fully connected neurons with

many of their inputs disconnected, thus having dropout implicitly

implemented. 

Finally, we stress that the activation of the last layer in [12] is

the squash function, not ReLU, as in ours. Thus, we force the

CNN to produce representations in the positive (16 × 16 × 16) -

dimension cuadrant . 

4.2. Bayesian capsnet 

Our Bayesian Capsnet follows the five steps described in

Section 3 . 

Input. It is a tensor of size M × N × D = 16 × 16 × 16 . As in [12] , it

is modified with the squash function so its norm is upper bounded

to 1. 

Encapsulation. According to Algorithm 1, we have to choose J

and S , the number of capsules that we initialize and their size such
hat the precondition is satisfied. Given the input tensor, our choice

s J = 512 capsules of size S = 8 , satisfying that 512 × 8 = 16 × 16 ×
6 . Each capsule is cloned K = 17 times. This choice is arbitrary so

e set 17 because there are 17 joints to predict. Thus we will have

ne final capsule for every joint. In this step, we introduce dropout

y setting to zero a 30% of the 512 × 8 × 7 components that we

ave, considering all the capsules and all the clones. The result is

rouped in blocks as depicted in Fig. 1 . 

nverse graphics. The procedure is the one described in Algorithm 1 .

pecifically, there are 17 blocks and 512 × 17 matrices A k,j , each one

roducing a respective capsule v k,j of size S ′ = 16 . 

outing by agreement. Capsules outgoing from each block are aver-

ged according to coefficients c k,j . These coefficients are computed

sing the Routing by agreement algorithm, described in detail in

12] , where authors defined it as a version of the Expectation-

aximization procedure. This algorithm runs twice in the feed-

orward step of training and never in the back-propagation step. 

utput. The capsules resulting from the Routing are finally

quashed. Therefore this Capsnet module produces 17 capsules of

6 components, each capsule with norm upper bounded to one. 

.3. Estimation and reconstruction 

In our architecture, capsules encode joints of the skeleton

ketch. Our goal is to estimate the coordinates of each joint in 3D,

heir projections in 2D and a heat map of each joint at the same

ime. The hypothesis is that these three tasks are complementary,

o they help each other. 

To this end we use three Fully Connected (FC) Neural Networks,

ne for each output, ˆ y 3 D , ˆ y 2 D and ˆ y joints . Let us define the following

ayers: 

DenseReLU [ x ] a Dense layer of x neurons with ReLU activation, 

DenseSigm [ x ] a Dense layer of x neurons with Sigmoid activation,

DenseTanh [ x ] a Dense layer of x neurons with Tanh activation, 

Drop [ x ] a x % dropout layer, 

hen the following expressions describe each FC: 

 1 = z 2 = z 3 = Drop [15] 

(
DenseReLU [2048] 

(
DenseReLU [1024] ( 
) 

))
, 

(18)

ˆ 
 2 D = DenseSigm [34=17 ×2] ( z 1 ) , (19)

ˆ 
 3 D = DenseTanh [51=17 ×3] ( z 2 ) , (20)

ˆ 
 joint = Reshape 256 ×256 ×16 

(
DenseReLU [699632] ( z 3 ) 

)
. (21)
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Table 1 

State-of-the-Art works that have used the Human3.6M dataset with a summary of 

their qualities (E2E and R.I.) features (P. and IM.) and aids used (T., T.L., M. and 

O.D.). 

Works E2E R.I. P. IM. T. T.L. M. O.D. 

Ours Y Y Y ∗ Y 

Tome [21] Y Y Y Y 

Tekin [37] Y Y Y Y 

Zhou [38] Y Y Y Y 

Katircioglu [39] Y ∗ Y Y Y Y 

Bogo [40] Y ∗ Y Y Y 

Sanzari [41] Y ∗ Y Y Y 

Rogez [26] Y Y 

Liu [28] Y Y Y 

Wang [29] Y Y 

Tian [27] Y Y 

Y : yes, Y ∗: yes in Section 5.4 ; E2E. End-to-end approach, R.I. Rotation invariant, 

P. Procrustes transformation, IM. Image as input, T. Temporal information, 

T.L. Transfer Learning, M. Biometric Model, and O.D. Other datasets. 
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otice that they do not share layers but the structure is identi-

al and the header is different. The use of the sigmoid and the

anh activation function in the headers of the 2D and 3D recon-

truction respectively is doubly motivated. On the one hand, the

ange of these outcomes coincides with that of their activations;

hat is, ˆ y 2 D ∈ (0 , 1) and ˆ y 3 D ∈ (−1 , 1) . On the other hand, they are

nly used in the header to minimize the possible vanishing gradi-

nt effect. Once the error is back-propagated through this layer, it

ill find ReLU activations, which are more appropriate for prevent-

ng this problem. 

The loss function for this problem is the expansion of (16) to

ur set of tasks T = { 2 D, 3 D, joints } so 

 = e −s b L b + s b + 

∑ 

τ∈T 

(
e −s τ L τ + s τ

)
. (22)

. Experiments and discussion 

In this section we first describe the Human3.6M data set

36] together with works related to the 3D human pose estima-

ion from a single 2D image. Then we compare our proposal with

he works that attained the best performances in the CVPR’17, in

JCV, Jan.’18 and the state-of-the-art in 2019 so far. 

.1. Human 3.6 data set and related works 

The 3D human pose estimation problem has attracted a lot of

nterest during the last years both in the computer vision and ma-

hine learning communities. It has been tackled with a wide va-

iety of solutions, many of them so intrinsically different that are

ot comparable with others. For example, the variational approach

n [33] uses multiple views for reconstructing the volume rather

han the position of the joints; while the Deep Regression Bayesian

etwork proposed in [34] for reconstructing 2D images (inpainting,

lock occlusion and face restoration). 

Table 1 collects the state-of-the-art works that aim at estimat-

ng the 3D coordinates of every joint in the skeleton sketch from

D images taken from a single view, summarizing the main fea-

ures of their solutions. The two columns on the left are qualities

hat our work exhibit, namely being an end-to-end approach (col-

mn E2E) and that the pose is invariant to rotations with respect

o the vertical axis (column R.I.) The next two columns are features

f the method used. Specifically, some works use the Procrustes

ransformations (column P.) and all of them take an image as the

nput data to the whole system (column IM.). The four right-most

olumns refer to aids that are used by the methods listed to im-

rove their quantitative results. 
By end-to-end we mean that the 3D estimation does not have

o depend on anything other than the 2D image. In that sense the

ther works use a pipeline that firstly focusses on performing very

ell in an estimation of the 2D joints, an then estimates the third

imension. Additionally, these works use other data sets, not only

uman3.6M. (column O.D.) Another non end-to-end approach, that

lso uses more data sets, consists of learning a richer set of fea-

ures that, afterwards, by Transfer Learning (column T.L.), are used

or training their solutions. Other aids are using previous frames

o improve the prediction in the current time (column T) or hav-

ng a biometric model (column M). Finally, notice that the compar-

sons cannot mingle methods that use the Procrustes transforma-

ions with methods that do not. 

The Human 3.6 data set consists of 15 videos that add up to

 total of 3.6 million RGB images. Each video shows a person do-

ng a different activity. The videos are sub-sampled at 10 fps, re-

ulting in 311,724 images for training and 110,040 for testing. The

erson is bounding-boxed in every frame and, together with the

mages, the data set provides a ground truth given by the 3D co-

rdinates of each joint in the skeleton, scaled to the interval [0,1],

s an array of size 17 × 3 elements. Additionally, from this infor-

ation we generate Joint heat maps , i.e. images with 17 channels,

ach of them representing a binary mask of the joint locations as

epicted in Fig. 3 . We also crop every frame by the bounding box

nd re-scale to 300 × 300 to obtain the input image. 

.2. Training 

We trained our NN following the Protocol #1 as described in

36] : subjects S1, S5, S6, S7, S8 are used for training, while S9 and

11 are kept for test. The reported metrics are the averaged errors

f the Euclidean Distances of the 17 joints (we do not use others

oints to help the training step). We used AdamOptimizer start-

ng with a learning rate of 10 −5 and batch-size of 1, and increasing

t by 10 until 20 when the loss reaches a plateau. The experiments

ere run in an Intel i7-7700, 3.6 GHz CPU with 16 GB of memory

nd NVIDIA GTX1080TI. The algorithms are based on the Tensor-

ow 1.13 library, which was the stable version to date. 

.3. Comparison with state-of-the-art at CVPR’17 

We first compare our NN with the top-3 less averaged error

n the same dataset and with the same protocol as reported in

ome et al. [21] at CVPR’17, namely: Zhou et al. [38] , Tekin et al. [37]

nd Tome et al. [21] , who reports two results due to different ver-

ions in the same paper. We have removed Sanzari et al [41] from

his top-3 because they use the Procrustes transformation. For

his reason they are also referenced in the comparison of [39] ,

nd we compare against them in the Section 5.4 ; so in the end

hey are also included. The best result so far was due to the sec-

nd proposal of Tome et al; in which the authors use a 6-stage

eep architecture to improve belief-maps in each stage, project-

ng in 2D a proposed 3D pose from a Probabilistic pre-trained 3D

odel. 

To assess the contribution of the bayesian approach both in the

apsnet and in the FC headers, we try three different versions of

ur solution. The first version (Ours-I) has dropout only in the Cap-

net, but there is no regularization over matrices A k,j nor dropout

n the FC headers. The second version (Ours-II) incorporates the

egularization over matrices A k,j . Finally, the third version (Ours-III)

s the full solution as described in Section 4 . 

The results of the comparison are detailed per activity in

he rows of Table 2 . Each cell in the table presents the error

ccumulated by the 17 joints averaged over the whole activity
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Fig. 3. (a) An input RGB image from the validation set and its 2D predicted coordinates. (b) 3D predicted joints together with the inner epistemic uncertainty (the circle 

magnitude). (c) Ground truth for the joint heat maps. (d) Joint heat maps estimated.Each joint has a different color. 

Table 2 

Comparison of the error(mm.) with three versions of the Bayesian Capsule Net- 

works with respect to the top-3 in CVPR’17 Human 3.6 challenge, due to Zhou [38] , 

Tekin [37] and Tome [21] . The background bars are sized with respect to the max. 

and min. of every row. 

Activity Zhou Tekin Tome, I Ours, I Tome, II Ours, II Ours, III 

Directions 87.36 85.03 68.55 79.42 64.98 73.15 73.33 

Discussion 109.31 108.79 78.27 83.73 73.47 84.95 83.45 

Eating 87.05 84.38 77.22 84.01 76.82 85.87 85.33 

Greeting 103.16 98.94 89.05 83.15 86.43 80.12 79.08 

Phoning 116.18 119.39 91.63 86.42 86.28 91.44 89.99 

Photo 143.32 95.65 110.05 112.38 110.67 109.42 109.95 

Posing 106.88 98.49 74.92 81.34 68.93 76.4 76.08 

Purchases 99.78 93.77 83.71 77.65 74.79 76.72 73.61 

Sitting 124.52 73.76 115.94 105.10 110.19 105.54 104.12 

SittingDown 199.23 170.4 185.72 135.55 173.91 130.15 136.27 

Smoking 107.42 85.08 88.25 88.25 84.95 88.07 87.59 

Waiting 118.09 116.91 88.73 79.24 85.78 80.25 79.19 

WalkDog 114.23 113.72 92.37 87.45 86.26 88.75 87.13 

Walking 79.39 62.08 76.48 67.56 71.36 66.1 66.31 

WalkTogether 97.7 94.83 77.95 80.45 73.14 76.84 76.88 

Avg. by activity 112.91 100.08 93.26 88.78 88.53 87.58 87.22 

Std. Dev. 27.78 24.21 27.63 16.28 26.21 15.86 17.15 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3 

Comparison of the error(mm.) with three versions of the Bayesian Capsule Net- 

works with respect to the top-3 in IJCV, Jan.’18, due to Sanzari [41] , Bogo [40] and 

Katircioglu [39] .The background bars are sized with respect to the max. and min. of 

every row. 

Activity Sanzari Bogo Ours, IV Katircioglu 

Directions 48.82 62 57.55 43.89 

Discussion 56.31 60.2 61.32 48.54 

Eating 95.98 67.8 66.48 46.57 

Greeting 84.78 76.5 64.49 49.95 

Phoning 96.47 92.1 68 53.94 

Photo 105.58 77 83.16 59.29 

Posing 66.3 73 56.05 43.77 

Purchases 107.41 75.3 54.85 43.94 

Sitting 116.89 100.3 77.65 60.2 

SittingDown 129.63 137.3 97.32 73.64 

Smoking 97.84 83.4 67.31 51.15 

Waiting 65.94 77.3 59.63 46.3 

WalkDog 130.46 79.7 64.76 52.25 

Walking 92.58 86.8 49.96 39.81 

WalkTogether 102.21 81.7 60.47 47.18 

Avg. by Activity 93.15 82.03 65.93 50.69 

Std. Dev. 23.97 17.90 11.74 8.23 
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video-sequence. The last two rows are the average by activity and

its standard deviation respectively. Results show that: 

1. The best method in [21] is almost matched by Ours-I, and

overtaken by Ours-II and Ours-III. We show 8 frames of one

test video-sequence together with the 3D estimation and the

3D ground truth in Fig. 5 , from different views. 

2. The homoscedastic uncertainty σ is much lower with any

version of our proposed Bayesian Capsnet than with the

methods reported in [21] . This is an expected result, since

the loss function includes the homoscedastic uncertainty as

an objective. The minimum is attained by Ours-II, i.e. when

FC headers have no dropout. Moreover, the improvement

due to Ours-III in the average is not as much as the improve-

ment due to Ours-II, suggesting that it could account for an

excess of regularization. 

3. The epistemic uncertainty σ w 

is indirectly estimated as the

variance of predictions due to different samples of the Neu-

ral Network. In the bayesian formulation, sampling a neural

network is approximated as dropout during the evaluation

of an instance in all those layers where it is possible. To this

end we take the image shown in Fig. 3 (a) and produce 50

predictions, each one with a sample from Ours-III. The stan-

dard deviation of the 2D and 3D predictions is shown as the

magnitude of balls surrounding each joint in Figs. 3 (a) and

3 (b) respectively. We do not report quantitative results be-

cause it would require the process to be repeated for all the

images in all the activities. 

4. Compared with the rest of solutions in Table 2 , our proposal

is much more straightforward. Specifically, the proposal in

[21] uses other data sets in the stages that precede the esti-
mation of the 3D coordinates, which accounts for a complex

system structure. 

.4. Comparison with state-of-the-art at IJCV, January’18 

A best performance in 3D human pose estimation from a single

mage has been recently reported in [39] . However, a key differ-

nce with respect to [21] is the use of Procrustes transformation.

s we have already mentioned, it is not fair to compare perfor-

ances with and without this transformation because it induces a

ifferent way to measure the errors. For the sake of completeness,

e incorporate this transformation to the fully bayesian architec-

ure, referred to as Ours-IV in Table 3 , and compare with Sanzari

t al. [41] , Bogo et al. [40] and Katircioglu et al. [39] . 

Our proposal ranks second with a significant improvement both

n the accuracy and in the homoscedastic uncertainty. However,

e remark that [39] is also aided by Transfer learning, Biometric

odel and the use of other data sets. Specifically, their approach

onsists of the use of a pre-trained overcomplete 3D pose autoen-

oder, using the latent space created by each 3D sample as target

or a CNN. The final 3D output is given by the pre-trained decoder,

hich receives an estimation of the latent space from the CNN

eeded with a single image. They propose a ShallowNet-Autoencoder

NN, which is comparable to our CNN with residual connections,

nd a ResNet50-Autoencoder pre-trained for 2D joint heat-map pre-

ictions. With the ShallowNet, they achieve 127.07mm error while

he ResNet50 boosts the results to their best (without Procrustes),

7.27 mm; which shows that the improvement is probably due to

he deep ResNet50 architecture. 
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Table 4 

Comparison of the error(mm.) with the Bayesian Capsule Networks (Ours-III) with 

respect to the state-of-the-art in 2019 Human3.6M challenge, due to Wang [29] , 

Rogez [26] , Tian [27] , Veges [19] and Liu [28] . The background bars are sized with 

respect to the max. and min. of every row. 

Activity Ours, III Wang Rogez Tian Liu 

Directions 73.33 50.03 55.9 40.3 50.72 

Discussion 83.45 59.96 60 47.1 60.04 

Eating 85.33 54.66 64.5 57.1 51.11 

Greeting 79.08 56.55 56.3 72 63.65 

Phoning 89.99 65.65 67.4 72.1 59.7 

Photo 109.95 79.63 71.8 56.5 69.34 

Posing 76.08 52.74 55.1 53 48.83 

Purchases 73.61 54.81 55.3 54.4 51.98 

Sitting 104.12 85.85 84.8 80.3 72.76 

SittingDown 136.27 117.98 90.7 116.8 105.31 

Smoking 87.59 62.48 67.9 63.3 58.62 

Waiting 79.19 59.55 57.5 57.2 60.98 

WalkDog 87.13 65.21 63.3 48.1 62.25 

Walking 66.31 41.48 47.8 no report 45.88 

WalkTogether 76.88 48.52 54.6 no report 48.69 

Avg. by Activity 87.22 63.67 63.50 62.90 61.10 

Std. Dev. 17.15 18.21 11.31 18.88 14.14 
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Table 5 

Comparison of the Bayesian Capsule Networks (Ours-IV) with respect to those 

works that report results with Procrustes transformation and in the Human3.6M 

challenge, protocol #3; namely Tome [21] and Rogez [26] . 

Work Error (mm.) Std. Dev. 

Tome [21] 79.6 No report 

Ours, IV 71.7 28.07 

Rogez [26] 56.5 No report 

Fig. 4. Comparison of the error (mm.) with the Bayesian Capsule Networks (Ours- 

IV) and with the protocol #3 with respect to [21] (dashed line) and [26] (dash-dot 

line) according to the table reported in [26] . The continuous red line is our averaged 

result and the markers are our results by activity. 
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.5. Comparison with state-of-the art 2019 

Human pose estimation is a field of intense research. The most

ecent works incorporate to the battery of solutions the follow-

ng approaches. The architecture proposed in [26] consists of three

ain components: a generator that suggests candidate poses at

ifferent locations in the image, a classifier that scores the dif-

erent pose proposals; and a regressor that refines them. Besides,

his work reports protocols #1 and #3 both with and without

he Procrustes transformation. In [28] a novel long short-term

ependence-aware (LSTD) module is proposed, which is embed-

ed inside the CNN architecture to boost the intermediate convo-

utional feature maps for 3D pose estimation. Also in the line of

apturing long-range temporal coherency among different human

ody parts, [29] proposes a model endowed with self-supervised

orrection mechanism, which involves two dual learning tasks: 2D-

o-3D pose transformation and 3D-to-2D pose projection. Their

oal is to generate geometrically consistent 3D pose predictions

orcing the 2D projections of the generated 3D poses to be iden-

ical to the estimated 2D poses. [27] presents a proposal that

ombines convolutional networks with residual modules and mul-

iscale analysis. They decompose the 3D pose estimation task

nto two sequential steps: firstly a heatmap of the 2D keypoints

the joints in the simplified skeleton), and secondly a generative

ethod for estimating the 3D pose. Finally, [19] presents a siamese

rchitecture that learns a geometrically interpretable embedding

hat makes the network robust to new camera views. This archi-

ecture is tested quantitatively with protocols #1, #2 and #3 of

uman36M and qualitatively on MPII-2D dataset. This paper also

resents an ablation study, i.e. a progressive elimination of com-

onents until reaching a baseline system that shows a degradation

n the performance. However, this work has not been included in

he comparison because their inputs are not images but 2D co-

rdinates, unlike all the other works referenced. The architecture

roposed in closely related to the so-called hourglass networks, in

hich a sequence of encoders and decoders successively create a

ompact representation and a reconstruction from it. 

The Table 5 collects the results reported by [26] and [27] to-

ether with Ours-III for the Human36M with the protocol #1. It

an be observed that resarchers have improved the methods, at-

aining a better performance and outranking our proposal. 

For the sake of completeness, we also have trained and tested

he Bayesian Capsule Networks with Procrustes transformation

Ours-IV) following the protocol #3 to compare the quantitative
esults both with [21] and [26] . The result is shown in Fig. 4 . Our

esults are shown by activity (the markers) and averaged (the line)

o be able to compare the performance with the one reported

n [26] . It can be seen that our proposal is competitive with the

tate-of-the-art. Additionally we also report the averaged results in

able 5 . 

.6. Discussion 

The 3D human pose estimation is a challenging problem that

as been comprehensively studied. All the papers ranking in the

op of performance show qualitative results in different data sets

uch as SURREAL, DensePose-COCO, Human Pose Evaluator and

PII Human Pose dataset, but when it comes to predicting the

xact coordinates of each joint on a skeleton model, Human3.6M

s the reference data set used in all the works. This shortage of

eal ground truth is a severe drawback for a quantitative compar-

sons, especially in solutions that rely on Deep Learning. This is

robably the reason why the works that report the lowest errors

n this data set are not end-to-end. Instead, these solutions con-

ist of different subsystems that are trained with other data sets

or a specific subtask, such as estimating the coordinates in the

D projection, and lifting from the 2D coordinates to 3D. On the

ontrary, the approach of this paper is to estimate the 3D coor-

inates directly from the image. To this end, we rely on a novel

epresentation (the capsule network) that we extend with a reg-

larization term for enforcing the reversibility of the inner trans-

ormations in the capsule networks. This approach has also been

xplored recently in [29] and also is closely related to the hour-

lass architecture proposed in [27] . On the other hand, the idea of

earning both forwards and backwards has been a recent corner-

tone in Generative Adversarial Networks (GAN). It is well known

hat systems trained with synthetic images perform poorly with

eal images. This gap has begun to be solved recently by using

ycle GANs. In that sense, the regularization term proposed is an

pproximation to this behaviour that can be applied to any fully

onnected layer with linear activations. 
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Fig. 5. Some results of our proposed Bayesian Capsule Network in a test subject. (Left) The 2D RGB image input, (middle) the 3D predicted Human Pose, and (right)the given 

ground-truth. 3D skeletons have different viewpoints for the sake of visualization, but all of them have the same orientation. 
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Finally, regading execution time, the use of this reduced and

simplified architecture that we propose provides a reduced time

in inference of 0.00863 s./frame. 

6. Conclusion 

Bayesian Neural Networks are easy to implement and offer two

big advantages. By performing dropout and small modifications in

the usual loss functions, both in classification and regression, it is

possible to: 1) minimize the homoscedastic uncertainty, and 2) use

multiple losses for different complementary tasks, self-balancing

their contribution to the total loss. In this paper we present, for

the first time, a Bayesian Capsule Network. Due to the structure

of Capsnets, the bayesian formulation consists of doing dropout on

the initial capsules and a regularization term over the linear trans-

formations in the Inverse Graphics stage. We test the proposal on

an ill-posed problem and show that the results are comparable to

the state-of-the-art, but using a straightforward and much simpler

approach over the Human3.6M data set. 
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