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Abstract— The problem of learning several related tasks has
recently been addressed with success by the so-called multi-
task formulation, that discovers underlying common structure
between tasks. Metric Learning for Kernel Regression (MLKR)
aims at finding the optimal linear subspace for reducing the
squared error of a Nadaraya-Watson estimator. In this paper,
we propose two Multi-Task extensions of MLKR. The first
one is a direct application of multi-task formulation to MLKR
algorithm and the second one, the so-called Hard-MT-MLKR,
lets us learn same-complexity predictors with fewer parameters,
reducing overfitting issues. We apply the proposed method to
Action Unit (AU) intensity prediction as a response to the Facial
Expression Recognition and Analysis challenge (FERA’15). Our
system improves the baseline results on the test set by 24% in
terms of Intraclass Correlation Coefficient (ICC).

I. INTRODUCTION

Automatic understanding of human behavior is a key
element in many domains such as social robotics. Analyzing
facial expressions has been proven useful for inferring human
mental states [1] and has recently been very rapidly evolving.
In 1976, Ekman proposed the Facial Action Coding Sys-
tem (FACS [2]), characterizing activations of face muscles
(AUs) for describing facial expressions. In order to be able
to compare methods for AUs detection, the first Facial
Expression Recognition and Analysis Challenge has been
organized in 2011 [3]. However, being able to predict AUs
more precisely by inferring their intensity levels can improve
facial expression description, and as a consequence more
high-level tasks relative to human behavior understanding.
In this context, the second Facial Expression Recognition
and Analysis Challenge (FERA’15 [4]) proposed a sub-
challenge for AUs intensity prediction. It is based on BP4D
database [5] and concerns five AUs (AU6, AU10, AU12,
AU14 and AU17). This paper presents our response to this
sub-challenge.
The AUs to be predicted in this challenge are all linked to
the lower part of the face, all related to mouth movements.
Thus, some features are potentially relevant for all five
tasks corresponding to separate predictions of each AU. In
order to respond to such learning problematic, Evgeniou and
Pontil [6] proposed an extension of Support Vector Machines
for multi-task learning, which aims at learning common
representation for several related classification tasks. In [7],
Zhang et al. show that multi-task extension of Multi-Kernel
Support Vector Machines improves the detection of AUs.
In order to predict the intensities of AUs, we chose to use

the Nadaraya-Watson estimator, which is a non-parametric
regressor able to adapt efficiently to heterogeneous point
distribution. In [8], Weinberger et al. proposed MLKR, a
metric learning algorithm that directly optimizes the error of
a Gaussian kernel Nadaraya-Watson regressor on the training
data.
In this context, we propose two multi-task extensions of
MLKR for AUs intensity prediction. The first one is a direct
application of multi-task regularization for MLKR, letting us
discover an underlying common representation between tasks
and the second one, the so-called Hard-MT-MLKR, lets us
force learned subspaces to share common axis, resulting in
less parameters to learn and a reduction of overfitting.
In section II, we present related works (MLKR, multi-
task SVM). In section III, we introduce our two multi-
task extensions of MLKR. In section IV, we present the
application of Hard-MT-MLKR to AUs intensity prediction,
before concluding in section V.

II. PREVIOUS WORKS

In this section, we present MLKR and multi-task SVM
extension, on which our work is built upon.

A. MLKR

In kernel regression, a test label is predicted using
a Nadaraya-Watson estimator [9], as an average of the
training labels weighted by a similarity measure between
test sample and training samples. Considering ns train-
ing samples {x1, x2, .., xns} and their corresponding labels
{y1, y2, .., yns}, the label associated to a feature vector xt is
approximated using:

ŷt =

ns∑
i=1

yiki,t

ns∑
i=1

ki,t

(1)

the kernel ki,t = k(xi, xt) being a similarity metric between
samples i and t.

Kernel regression has proven its efficiency in a large spec-
trum of applications (image deblurring [10], segmentation
[11], automatic human emotion prediction [12]). However,
the space in which the samples lie has an important impact on
the prediction performance, making dimensionality reduction
a relevant initial step. Weinberger and Tesauro [8] proposed
MLKR, whose goal is to find the optimal linear subspace for



minimizing Nadaraya-Watson squared error on the training
set for the commonly used Gaussian kernel, defined as
follows:

ki,j =
1

σ
√
2π
e−

d2i,j

σ2 (2)

with σ the Gaussian spread and di,j = d(xi, xj) the euclidean
distance between samples i and j. Considering an original
space of dimension nd and an output space of dimension nr,
MLKR estimates the projection matrix A ∈Mnr,nd(R) that
minimizes the squared error of the training samples, defined
as:

L(A) =

ns∑
i=1

(ŷi − yi)2 (3)

where

ŷi =

∑
j 6=i

yjkj,i(A)∑
j 6=i

kj,i(A)

with
ki,j(A) =

1

σ
√
2π
e−

di,j(A)2

σ2

di,j(A)2 = ‖A(xi − xj)‖2 = (xi − xj)>A>A(xi − xj)

being the squared distance in the reduced subspace of
dimension nr. The optimization of the squared error is
done with Rasmussen’s implementation of Polak-Ribiere
Conjugate Gradients method 1, with:

∂L(A)

∂A
= 4A

∑
i

(ŷi − yi)∑
j 6=i

kij

∑
j

(ŷi−yj)kij(xi−xj)(xi−xj)
>

(4)
In this paragraph, we discuss a few positive and negative

aspects of MLKR.
First, MLKR does not directly learn a prediction function
but learns a space in which a Nadaraya-Watson estimator
gives successful prediction for a set of data and labels. As a
consequence, one can easily identify most important features
by studying space axis. Moreover, new data points can be
projected in the learned space and the prediction can be
performed without re-training the system (e.g. in order to
adapt to a new database, to a specific subject, or for online
updates).
Second, on the contrary to Gaussian kernel SVR, it is
unnecessary to optimize the spread of the Gaussian kernel
in cross-validation during learning. In MLKR, the Gaussian
spread is fixed a priori and the learned space scales according
to it.
Finally, the Nadaraya-Watson estimator used as the predic-
tion function in MLKR is able to adapt efficiently to hetero-
geneous data point distribution because of the normalization

by
ns∑
i=1

ki,t which can be very important for AUs intensity

prediction when trying to analyze an unknown subject lying
in a sparsely populated part of the space. When using a
Gaussian kernel SVR, a data point localized far away from

1http://learning.eng.cam.ac.uk/carl/code/minimize/

support vectors will tend to be predicted as zero. When
using the Nadaraya-Watson estimator, it will be predicted
approximately as a mean of closest training sample labels,
which can be considered as a more relevant extrapolation.
However, MLKR has several drawbacks. First, it is non
convex but has been shown to converge towards interesting
local minima experimentally. Second, it has an important
complexity with respect to the original space dimension,
which makes it difficult to apply on data with numerous
features. In our application to AUs intensity prediction, we
preselect features before learning (details can be found in
Section IV-B).

B. MT-SVM

Learning a task with an insufficient amount of labeled
data can result in overfitting issues. Reducing the number
of learned parameters or including a priori knowledge can
reduce this effect. Thus, including the a priori knowledge
that different tasks have a great probability of sharing a
common representation because they are related together can
result in a more efficient learning.
In [6], Evgeniou and Pontil proposed an extension of Support
Vector Machines for multi-task learning. The goal is to
discover common representation between different related
tasks. Considering T tasks, the algorithm aims at learning
T classifiers {wt, t ∈ [[1;T ]]} one for each task. A common
representation is introduced between tasks by decomposing
each hyperplane into:

wt = v0 + vt

A test label yi for task t corresponding to a feature vector
xi is then classified using:

ŷi = sign(x>i (v0 + vt))

A regularization term is then added to the standard SVM cost
function in order to encourage v0 to contain a representation
that is shared by the different tasks and each vector vt to con-
tain a particular representation for task t. The minimization
problem becomes:

min
v0,...vT

T∑
t=0

γt‖vt‖2 +
T∑

t=1

∑
i

[1− yi(v0 + vt)>xi]+

with [a]+ = max(a, 0) and γt controlling multi-task penal-
ties.

III. MULTI-TASK EXTENSIONS OF MLKR

In this section, we propose two extensions of MLKR for
multi-task learning. The first one is a direct application of
multi-task regularization for MLKR and the second one is
a modification we propose that enforces common features
between tasks in a hard manner, letting us reduce overfit-
ting by learning fewer parameters for same dimensionality
projection spaces.



A. MT-MLKR

We recall that A in eq. 3 is the projection matrix defining
the linear transformation used for passing from the original
space to the reduced space. If X is a matrix containing data
points in the original space, data points in the reduced space
become:

Xr = AX

In the multi-task extension, we aim at learning T projection
spaces At, one for each task. We introduce common repre-
sentation between tasks by decomposing spaces into:

At = B0 + Bt

Let Lt be the error associated to task t. The cost function of
our multi-task extension of MLKR is defined as follows:

LMT =

T∑
t=1

Lt(B0 + Bt) + γ

T∑
t=0

‖Bt‖2

with ‖.‖ the Frobenius norm. To simplify derivative expres-
sions, let

Dt =
∑
i

(ŷi − yi)∑
j 6=i

kij

∑
j

(ŷi − yj)kij(xi − xj)(xi − xj)
>

associated with task t labels and estimators. We obtain:

∂LMT

∂B0
= 4

T∑
t=1

(B0 + Bt)Dt + 2γB0

and
∂LMT

∂Bt
= 4(B0 + Bt)Dt + 2γBt

B. Hard-MT-MLKR

By decomposing each task prediction parameters as a sum
of common and specific ones and by adding an adequate
regularization, the multi-task formulation presented in the
previous paragraph lets us find an underlying common space.
We propose in this paragraph a more constrained multi-task
formulation of MLKR replacing the sum by a concatenation
in the subspaces decomposition. Thus, we force a certain
number of axis to be shared by the different spaces. Let
nc be the number of common axis and nr be the projection
space dimension. The matrices At can be defined as follows:

At =

[
B0

Bt

]
with B0 ∈Mnc,nd(R) and Bt ∈Mnr−nc,nd(R)

The derivatives become:

∂LMT

∂B0
= 4B0

T∑
t=1

Dt + 2γB0

and
∂LMT

∂Bt
= 4BtDt + 2γBt

The proposed multi-task regularization lets us reduce over-
fitting by learning fewer parameters for same dimensionality

projection spaces. In MT-MLKR, the number of learned
parameters is

nMT
par = nd.nr.(T + 1)

while in Hard-MT-MLKR, it is

nHMT
par = nd.(nc + T.(nr − nc))

Example: for a number of common axis nc = 3 and
subspaces dimension nr = 5 with nd = 80 features in the
original space, we obtain, for 5 tasks, nMT

par = 2400 and
nHMT
par = 1040 parameters to optimize. We are able to learn

same complexity predictors with less than half parameters,
resulting in a reduction of overfitting.

IV. APPLICATION TO ACTION UNIT INTENSITY
PREDICTION

In this section, we present the application of Hard-MT-
MLKR to AUs intensity prediction. First, we present the
features we extracted, followed by the selection method we
used. Then, we introduced BP4D, the database used in the
FERA’15 contest, before presenting an analysis of the main
features used for predicting each task and obtained results.

A. Feature extraction

Most methods in facial analysis combine both shape-
based features and appearance-based ones. Shape-based
features contain information relative to facial landmark
locations (centers and contours of the eyes, the nose, the
eyebrows and the mouth), and appearance-based ones
aim at describing texture. For AUs intensity prediction,
landmark locations seem particularly relevant because some
AUs activations directly induce key point movements, for
instance when rising the eyebrows or smiling. However,
it is important to combine shape-related features with
appearance-related ones for several reasons. First, shape-
based features cannot characterize expression-relative
wrinkles. Second, appearance can make up for potential
errors of current landmark trackers in challenging conditions.

Shape-based features
We first localize 49 facial landmarks using Supervised
Descent Method (SDM [13]). For being insensitive to
scaling and rotation in the image plane, the features we
extract are relative to point triplets (as in [14]). For each
triplet of points tk1k2k3 = (pk1

,pk2
,pk3

) we calculate the
ratio of both vectors

vk2k3 = pk3
− pk2

= (px
k3
− px

k2
) + i.(py

k3
− py

k2
)

and

vk2k1
= pk1

− pk2
= (px

k1
− px

k2
) + i.(py

k1
− py

k2
)

to form

f(tk1k2k3
) =

vk2k1

vk2k3

=
‖vk2k1

‖
‖vk2k3‖

.ei
̂(vk2k3 ,vk2k1 )

that indicates the location of pk1
relatively to pk2

and pk3

In this work, we take the norm and angle of f(tk1k2k3) as
features.



Appearance-based features
The first step we perform is to cancel the rotation in the
image plane and normalize the image to a 128x128 pixels
image using eye locations (in most landmark tracking
systems, those points appear to be the most reliable
ones). Then, we extract Histograms of Oriented Gradients
descriptors (HOG [15]) on different image patches. Some
of them are centered on and around the landmarks (for
describing local texture and be able to capture expression-
related wrinkles), and others are obtained by a 8x8 division
of the image (see figure 1), letting us the possibility to catch
up for potential point tracking errors. The centers of the
patches defined using the landmarks we chose are presented
figure 2. The size of those patches is the same as those
obtained by the 8x8 regular division of the image.

Fig. 1. Patches located without the landmarks

Fig. 2. Centers of the patches defined using the landmarks

B. Feature selection
In MLKR, the gradient computation for a projection of ns

samples lying in a space of dimension nd has a complexity in

O(n2s.n
2
d) making it difficult to use in high dimension spaces.

As an initial step, we perform supervised dimensionality
reduction by filter feature selection [16], which aims at
characterizing the relevance of features independently of
the predictor’s choice, often one by one, for predicting the
label. In other words, it means to compute a similarity (or
dissimilarity) measure between each feature and the label
and select the highest (or respectively the smallest) ones. We
chose to use a nonlinear metric for feature selection because
of the nonlinearity of the Nadaraya-Watson estimator. We
use conditional entropy for selecting relevant features, which
quantifies the prediction performance of label y considering
that a feature fi is known.

C. Database

The BP4D-Original dataset includes digital video of 41
participants (56.1% female, 49.1% white, ages 18-29). To
elicit target emotional expressions and conversational behav-
ior, different tasks were administered by an experimenter
who was a professional actor/director of performing arts. The
procedures were designed to elicit a range of emotions and
facial expressions that include happiness/amusement, sad-
ness, surprise/startle, embarrassment, fear/nervous, physical
pain, anger/upset and disgust.
AUs were annotated by a team of experts, frame-by-frame
for the intensity of a subset of the AUs. Five AUs were
annotated: AU6 (Cheek Raiser), AU10 (Upper Lip Raiser),
AU12 (Lip Corner Puller), AU14 (Dimpler) and AU17 (Chin
Raiser).
The data has been divided for the challenge into training and
development sets, each containing approximately half of the
participants, male and female mixed up.

D. Experimental setup

In this paragraph, we present the experimental setup and
the hyper-parameters used for learning the different systems
whose results are presented in Section IV-F. The optimiza-
tion of those parameters has been performed on a subject
independent four-folds cross-validation on the concatenation
of training and development datasets. Our HOG calculations
are performed in 8 directions. We obtain a total of 2768
features. We found that selecting nd = 80 features for
each experiment using conditional entropy was an adequate
choice. For multi-task formulations, the selection is done
using the sum of conditional entropies over the different
tasks. We standardized each feature before learning the
optimal linear subspace. We randomly select 10.000 images
because of the memory cost of the kernel calculations needed
in MLKR. The dimension of the projection spaces we learn
is nr = 5. For Hard-MT-MLKR, the number of common
axis is nc = 3. The optimal hyper-parameter we found for
regularization is γ = 0.9.

E. Analysis of feature impact

In this paragraph, we discuss the impact of features on
the different tasks by analyzing learned subspaces. To do this
analyze, we learned a system on the concatenation of training



and development sets. In figure 3, we represented the main
features for the common subspace B0, as well as for the
5 particular spaces Bt. White lines between fiducial points
indicate that the angle between corresponding vectors had
important impact. Black arrows indicate that HOG extracted
in the area along the indicated direction had important
impact. We can observe that the angle between the extremity
of right eye, the center of inferior lip and the right mouth
corner is an important feature for all tasks, which can be
explained by the fact that this angle varies a lot when AU12,
AU10 or AU17 are activated. Appearance around nasolabial
folds appears to be important for all tasks too. As for specific
spaces, we can notice appearance between right ear and
right cheek for AU6 (cheek raiser), or external to the right
mouth corner for AU14 (Dimpler) that both seem relevant.
We can also observe that the eyebrows seem to be useful for
predicting AU06, AU10 and AU14. This can be explained
by correlations between AUs in natural facial expressions
(for instance, it seem rare to frown eyebrows when raising
cheeks).
In next Section, we present the gain brought by the different
multi-task MLKR extensions we proposed and compare our
results to the FERA’15 baseline system.

F. Results

In table I, we evaluate the performance of the different sys-
tems (MLKR, MT-MLKR and Hard-MT-MLKR) in a subject
independent four-folds cross-validation on the concatenation
of the training and development datasets of FERA’15 com-
petition. We observe improvements when using multi-task
formulation of MLKR for four of the five considered AUs.
For AU12, which is the most accurately predicted, the results
seem unchanged when using multi-task regularization. Hard
MT-MLKR, the more constrained formulation we introduced,
significantly improves results for four of the five considered
AUs with a mean improvement of 5% over classical MLKR
formulation. The highest improvement (more than 15%) is
for AU14, that appears to be the hardest to predict for our
system.

TABLE I
COMPARISON BETWEEN ORIGINAL MLKR AND THE TWO PROPOSED

MULTI-TASK EXTENSIONS OF MLKR IN TERMS OF PEARSON’S

CORRELATION COEFFICIENT

AU MLKR MT-MLKR Hard-MT-MLKR
6 74.2 75.4 76.3
10 70.9 72.8 75.2
12 86.6 86.4 86.5
14 41.4 44.3 47.7
17 52.6 52.7 54.8

Mean 65.1 66.3 68.1

In table II, we compare the results we obtain to the
baseline results of FERA’15 AUs intensity prediction sub-
challenge. The baseline geometric and appearance features
are detailed in the baseline paper [4]. The machine learning
system used for the baseline is a Support Vector Regressor
(SVR). The evaluation is done by learning on the training

dataset and testing on the development dataset. Results are
given in Pearson’s correlation coefficient. In the baseline
paper, the results are presented separately for geometric and
appearance features. For being able to compare our system
to the baseline, we present results of three Hard-MT-MLKR
systems learned with only geometric (G), only appearance
(A), and both geometric and appearance (F) features. We
can observe a mean improvement of 14% with our system.

TABLE II
COMPARISON BETWEEN BASELINE SYSTEM (B) AND PROPOSED

HARD-MT-MLKR (H) IN TERMS OF PEARSON’S CORRELATION

COEFFICIENT FOR DIFFERENT FEATURE SUBSET (ONLY GEOMETRIC (G)
ONLY APPEARANCE (A) AND FUSION OF BOTH (F))

AU B, G H, G B, A H, A H, F
6 69.9 74 72 78.2 78.2
10 71.5 72.3 68.3 70.4 75.4
12 70.6 85.2 69.5 84.8 85.6
14 47.2 50 39.6 47.4 54.2
17 36.5 56.2 30.3 58 60.6

Mean 59.2 67.5 55.9 67.8 70.8

In table III, we compare the results we obtain on the test
partition to the baseline results in terms of Intraclass Corre-
lation Coefficient (ICC) and Mean Squared Error (MSE).

TABLE III
COMPARISON BETWEEN GEOMETRIC AND APPEARANCE BASELINE

SYSTEMS (G AND A) AND PROPOSED HARD-MT-MLKR (H) IN TERMS

OF ICC (I) AND MSE (M)

AU G, I A, I H, I G, M A, M H, M
6 0.67 0.622 0.787 1.004 1.366 0.829
10 0.732 0.656 0.801 0.897 1.209 0.801
12 0.78 0.767 0.86 0.738 1.092 0.622
14 0.586 0.389 0.71 1.227 1.526 1.14
17 0.144 0.168 0.443 0.806 0.819 0.844

Mean 0.582 0.52 0.72 0.934 1.202 0.847

V. CONCLUSION AND FUTURE WORK

In this paper, we presented Hard Multi-Task regularization
for MLKR, that lets us introduce a more constrained common
representation between tasks compared to standard multi-task
regularization. By replacing the sum by a concatenation in
the subspaces decomposition, we are able to learn same di-
mensionality subspaces with less parameters. We applied the
proposed method for AUs intensity prediction as a response
to the FERA’15 challenge, evaluating the gain brought by the
new regularization. Our system performance is largely higher
than the baseline results obtained with SVR. For future
work, we aim at extending and evaluating the relevance of
the proposed method for transfer learning. Regarding AUs
intensity prediction, we can observe that results for AU14
and AU17 are far from being accurate. Lots of work on
database acquisition protocols and machine learning systems
have to be done for being able to exploit precise facial
expression automatic description in real-world applications
(where various head poses occur and large morphological
differences are present).



Fig. 3. Analyze of feature impact for AUs intensity prediction. The four principal features are represented for each learned subspace. White lines indicate
point triplet angles and black arrows indicate HOG features.
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