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Abstract

Discriminative approaches to human pose estima-
tion have became popular in recent years. These ap-
proaches face a big challenge: Similar inputs might
correspond to very dissimilar poses. This property
misleads the mapping functions which rely on the Eu-
clidean distances in the input space. In this paper, we
use the distances between the labels of the training data
to learn a metric and map the input data to a space
where this problem is minimized. Our mapping is lin-
ear and hence preserves the manifold structure of the
input data. We benefit from the unlabeled data to esti-
mate this manifold in the new space as a nearest neigh-
bor graph. We finally utilize Tikhonov regularization to
find a smooth estimation of the labels over this mani-
fold. Experimental results show the superiority of the
proposed method both in the amount of required train-
ing data and the performance of labeling.

1. Introduction

In this paper, we consider the problem of estimat-
ing 3D human pose from monocular images. Efficient
solutions for this problem will affect a wide range of
applications such as human computer interaction, video
surveillance, and video indexing.

Two schools of thought exist for solving this prob-
lem. Generative approaches use non-linear optimiza-
tion or sampling to search through the pose space to
find the pose with maximum likelihood for generating
the given input [8]. These methods then use the Bayes
rule to find the posterior probability of this pose given
the input data. Despite being more accurate than dis-
criminative approaches, generative methods suffer from
high computational cost of searching in the articulated
pose space.

To avoid this problem, discriminative approaches
find a direct mapping between the input and output
spaces [3, 2]. The main challenge in discriminative ap-
proaches to human pose estimation is the ill-posedness

of the problem: similar input data might correspond to
far different points in the pose space. Hence, methods
which aim to find a mapping using the Euclidean dis-
tances in the input space fail to obtain an accurate map-
ping when encountering areas having such data. The
main idea to solve this problem is using the available
information about the pose space (through the labels of
the training data) to cluster the input space so that in
each cluster similar inputs map to similar outputs, and
then learning one mapping function per cluster [9, 2, 7].
Small clusters are essential for resolving ill-posedness.
By reducing the size of clusters, the number of map-
ping functions increases and the share of each function
from the training data decreases. Hence, these methods
require lots of training data (in the order of few thou-
sands) to be able to learn the parameters of these map-
ping functions accurately.

Another solution to the problem of being ill-posed
can be learning a metric to globally change the distances
in the input space. To the best of our knowledge, only
one metric learning approach for human pose estima-
tion is proposed [6]. However, this method presents
an example based approach to human pose estimation,
finding the nearest neighbor of the test query from a
large database of labeled data. Hence, this method also
requires hundreds of thousands of labeled data.

In this paper, we use the labels of the training data
to learn a metric for the input space. This metric intro-
duces new distances for data points in a way that points
with dissimilar poses become far from each other, and
points with similar poses stay close. As a result, we re-
duce the ill-posedness of the problem by changing the
distances of points in the input space, corresponding to
their distances in the output space.

The proposed label estimation method works based
on the manifold structure of the data in the new space.
We use the available unlabeled data and utilize the
learned distances to model this manifold by using a k-
nearest neighbor graph. In problems such as human
pose estimation, where the manifold has high curva-
tures, graph construction methods that are based on con-
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necting nearest neighbors, may result in many ”short-
cut” edges which falsely connect two far apart areas
on the true manifold. These shortcut edges reduce the
accuracy of labeling. Our metric learning method in-
creases the distance between these areas, and conse-
quently reduces the number of such shortcut edges. We
then use Tikhonov regularization [4] to learn a smooth
labeling function over this manifold. We will show that
the proposed method can achieve satisfactory perfor-
mance with very small number of training data.

The rest of this paper is organized as follows. In sec-
tion 2 we will introduce the proposed method. Section
3 presents our experimental results and the concluding
remarks are presented in section 4.

2. Proposed Method

We propose a semi-supervised method for estimating
the pose of the body based on the underlying manifold
of the input data. This work is based on manifold as-
sumption which assumes the distribution of the data in
the high dimensional original space be limited to a low
dimensional manifold, and requires the labels to change
smoothly over this manifold. Manifold assumption is
intuitively true for many real world problems including
human pose estimation. In this problem, the input data
lies on a low dimensional manifold because of the low
degree of freedom of the human shapes in the images
captured from human activities compared to the high
dimension of input features (i.e. 100 in our case). Low
degree of freedom means high dependency which im-
plies a highly constrained distribution of the input data
(i.e. a low dimensional manifold). The second condi-
tion is satisfied because small changes in the body pose
(the labels) results in small changes in the input images.
Therefore, over the manifold of the input data, the la-
beling function changes smoothly with small changes
in the input space.

The most common method to estimate the manifold
of the data is utilizing an undirected graph that connects
each node to its nearest neighbors. However, in prob-
lems like human pose estimation where similar inputs
correspond to dissimilar outputs, the manifold bends a
lot and becomes close to itself in many places. In these
areas, the estimated manifold is not accurate. Some
”shortcut” edges might connect points which though of
small distance in the input space have a large distance in
the pose space, and hence have a large geodesic distance
on the manifold. These edges conflict with the assump-
tion that labels change smoothly over the manifold and
result in a reduction of performance.

We utilized metric learning to overcome this prob-
lem. By using the training data, we learn a mapping
which maps the input data to a space where data points

with similar labels become closer to each other and
those with dissimilar labels get apart. Consequently, the
manifold of the data in the new space bends close to it-
self in fewer places resulting in fewer shortcut edges.
Fig. 1(a) shows the estimated manifold of the data (us-
ing a 3-nearest neighbor graph) related to part of a cir-
cular walking sequence. The blue and bold edges in
this graph connect the successive edges in the sequence
of the activity. Consequently, these edges connect data
with similar labels and intuitively model a good estima-
tion of the manifold. The thin edges in red are the edges
of the graph that connect data points which have similar
input features but dissimilar labels. We have reduced
the dimensionality of the original space to 3 for pre-
sentation purposes. As shown in the figure, there exist
many shortcut edges in the graph of the original space.
Fig. 1(b) shows the estimated manifold of the same data
in a similar manner after applying the mapping through
the proposed metric learning. This figure shows that the
shortcut edges are considerably reduced.

In what follows, we will first describe the proposed
metric learning method, and then we will see how we
can benefit from the manifold of the data for estimating
the labels.

(a) Original space (b) After mapping

Figure 1. The estimated manifold of the
data before and after the mapping

2.1. Metric Learning

Consider two data sets (xi, yi) and (xj , yj), where xi

and xj are the input features of the original space, and
yi and yj are the points corresponding to their labels in
the pose space. Our goal is to find a transition matrix
A such that the mappings of xi and xj in the new space
x∗
i = Axi and x∗

j = Axj , stay close to each other if and
only if their labels are similar. Therefore, data points
with ”similar” labels should stay close and data points
with ”dissimilar” labels should get as far as possible
from each other. We call such two data points similar
if yi and yj are connected in a k-nearest neighbor graph
with k = m1 constructed in the pose space, and ”dis-
similar” otherwise. Suppose dA(i, j) = ||x∗

i − x∗
j ||2 is

the Euclidean distance of the mapped inputs in the new
space, and d̂(i, j) is the measure of the desired distance.
Then, our objective function has two terms: The first
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term forces similar data to have a distance close to d̂,
and the second term requires dissimilar data to become
far from each other. The transition matrix is found by
minimizing the summation of these two terms for all the
data.

min
A∈RN

(
∑

xi and xj are similar

||d2A(i, j)− d̂2(i, j)||2

−
∑

xi and xj are dissimilar

d2A(i, j))

The desired distance measure d̂ is defined in a way that
with an increase in the distance between the labels (i.e.
||yi − yj ||2), it increases and vice versa. Moreover, it
has a dependency to the distances of the inputs:

d̂(i, j) = (
α||yi − yj ||2 + β

Z − ||yi − yj ||2 + ε
)p × ||xi − xj ||2

Here, α, β and p are three constants, Z = maxi,j{||yi−
yj ||2}, and ε is a small number used to ensure that the
denominator never equals zero. This distance measure
is similar to the distance measure used in [10].

By solving this minimization problem, we can obtain
the transition matrix A which will be used for mapping
the data to the new space. Then, the labeling function
is found with respect to the mapped data. Note that the
proposed mapping function is linear. It is easy to show
that the manifold assumption holds in the new space af-
ter mapping.

2.2. Regression on Manifold

To benefit from the manifold assumption, we need
a manifold estimation scheme and a method to learn
a smooth labeling function over this manifold. To es-
timate the manifold, we utilized an undirected, un-
weighted, k-nearest neighbor graph with k = m2. We
connect each point in the input space to m2 of its near-
est neighbors, using the learned distances, to model the
manifold.

Smoothness of a one dimensional labeling function
over the manifold can be measured by the sum below:

S =

n∑

i=1

n∑

j=1

wi,j(fi − fj)
2

where n is the number of data points, and W = {wi,j}
is the adjacency matrix of the graph. It is easy to
show that S = f tLf , where L is the Laplacian ma-
trix: L = D − W , D is a diagonal matrix such that
Di,i =

∑n
j=1 Wi,j , and S is the Tikhonov regulariza-

tion term. The Laplacian matrix can also be computed
in a normalized form L = D−1/2(D − W )D−1/2, as

we did in our experiments. Our goal is to find a label-
ing function f which minimizes both S and the recon-
struction error of the training data. When the labeling
function is multi-dimensional, we can easily extend this
work by using vectors instead of scalars.

Consequently, to find the labeling function, we use
Tikhonov regularization term beside the error term and
solve the optimization problem [4]:

min
f∈Rn

∑

i∈T

(ȳi − f̄(xi))
t(ȳi − f̄(xi)) + γtrace(F tLF )

where T represents the set of all training data, ȳi is a
vector containing all the dimensions of the true label
for input xi, f̄(xi) is defined in a same manner over the
estimated labels, γ represents a balance factor between
smoothness and exactness of data fitting to the training
data, and F is a matrix where Fi,. = f̄(xi). The first
term of the objective function minimizes the reconstruc-
tion error over the training data, and the second term
forces f to change smoothly over the manifold.

We can simply substitute xi by x∗
i = Axi in the opti-

mization problem above, and construct the graph in the
mapped space, using distances between x∗

i and x∗
j in-

stead of xi and xj for every i and j to benefit from the
proposed metric learning step and then solve the prob-
lem above to find the labels. This problem can be easily
solved by setting the derivative of the objective function
(with respect to f ) equal to zero.

3. Experimental Results
In our experiments, we used the labels of activities in

the CMU Mocap dataset [1] to render silhouettes for re-
alistic sequences (in bvh format). We tested our method
on various activities. In this paper, we show the results
on three sequences ”Acrobatics”, ”Golf”, ”Laugh” and
”Walk”. The skeleton of the body has 57 joint angles,
resulting in a 57-dimensional pose space. The input fea-
ture is 100 dimensional histogram of the shape contexts
as introduced in [3]. The error measure is the aver-
age (over all angles) root mean square difference (over
time). We captured 600 frames from each sequence,
uniformly selected 100, 200, and 400 of them as train-
ing data, and used the rest as test data. We determined
α and p by cross validation. β, γ and ε were set to small
values in order of 10−4. We also set m1 and m2 equal
to 3 and 4, respectively.

We compared our work (MTIK) with the Relevance
Vector Machine (RVM) as a well known supervised
regression method, the Twin Gaussian Process (TGP)
[5] as a state of the art semi-supervised method, and
simple Tikhonov regularization (TIK) [4], as the base
method without learning the metric. Comparison with
[2, 7, 9, 6] was impossible because these methods
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needed thousands of training data which normally are
not available. Table 1 shows the objective results of our
experiments. In order to compare the errors of TIK and
MTIK easier, the last column of this table shows the
improvement ratio of the proposed method with respect
to TIK. Improvement ratio is computed by dividing the
improvement of MTIK over TIK (in degrees) by the er-
ror of TIK, multiplied by 100 to be interpreted as the
percentage of improvement.

Table 1. Objective comparison
Activity Tr. # RVM TGP TIK MTIK Imp. %

Acro.

100 56.37 15.49 5.98 5.74 3.9

200 5.86 5.37 5.09 5.08 0.3

400 5.16 4.69 4.81 4.67 2.8

Golf

100 22.90 6.79 5.09 4.99 2.1

200 5.47 4.69 4.92 4.70 4.6

400 4.24 4.16 4.88 4.66 4.5

Laugh

100 24.80 17.72 3.95 3.90 1.3

200 4.88 4.67 3.16 3.08 2.7

400 4.36 4.19 2.82 2.75 2.5

Walk

100 26.36 11.71 3.53 3.37 4.7

200 3.68 3.58 2.96 2.91 1.6

400 3.12 3.01 2.61 2.56 2.0

One should note that 100 training data is so few
that almost in all cases, both RVM and TGP failed
to properly estimate the poses. However, the graph
based methods had acceptable performance in all cases.
Moreover, except for the case where we have lots of
training data for the easy Golf activity, the performance
of the graph based methods is considerably higher than
RVM and TGP. The proposed method have improved
TIK in all cases with an average of 2.73% in improve-
ment ratio.

Fig. 2 presents the subjective results of the proposed
method (MTIK) compared to the base method (TIK).
The rows show input silhouettes, real labels and outputs
of TIK and MTIK, respectively. These outputs are ob-
tained using 200 training data and sampled from 400
test data.

4. Conclusion

In this paper, we presented a new metric learn-
ing method (MTIK) which utilized the distances be-
tween the labels of the training data to map them to
a space where close inputs stay close to each other if
they have similar labels, and become far apart other-
wise. We argued that this mapping will help in reduc-
ing the ”shortcut” edges in the graph that is used to
estimate the manifold of the data. By increasing the
accuracy of the estimation of the manifold, we gain a
smoother label estimation over the true manifold of the

Figure 2. Subjective comparison: The
rows show input silhouettes, real labels
and outputs of TIK and MTIK, respectively

data using Tikhonov regularization. Experimental re-
sults proved the high performance of MTIK especially
in cases where only a few number of training data is
available.
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