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Abstract. In recent years, there has been an increasing interest in the design of
pattern recognition systems able to deal with labels comingfrom multiple sources.
To avoid bias during the learning process, in some applications it is strongly recom-
mended to learn from a set of panelists or experts instead of only one. In particular,
two aspects are of interest, namely: discriminating between confident and uncon-
fident labelers, and determining the suitable ground truth.This work presents an
extension of a previous work, which consists of a generalization of the two class
case via a modified one-against-all approach. This approachuses modified clas-
sifiers able to learn from multi-labeler settings. This is done within a soft-margin
support vector machine framework. Proposed method provides ranking values for
panelist as well as an estimate of the ground truth.

1 Introduction

In supervised machine learning approaches, typically, thedata labels are known in ad-
vance. Nonetheless, in some cases the labeling process is not provided by a unique
expert labeler (panelist), therefore, there is no a clearly, identified ground truth. To deal
with this matter, a multi-labeler strategy should be performed, allowing for reducing the
influence of wrong labels regarding the assumed ground truth. Since there is uncertainty
on the accuracy or confidence of the panelist team, the multi-labeler analysis is aimed
to compensate the negative effect of wrongly labeled samples. Such compensation may
either improve the learning process, in terms of classification [1], or yield penalty fac-
tors for quantifying the panelist’s efficiency [2]. The latter case, is commonly used
for discriminating between confident and unconfident labelers, specially, when ground
truth is a determinant starting point and/or querying experts may be significantly ex-
pensive [3]. Particularly, support vector machines (SVM) have shown to be a suitable
alternative to deal with this issue, mainly due to its versatility [1,4–6].

Previous works have addressed the multi-labeler learning problem by modifying
the formulation of binary-SVM-based classifiers [4, 7]. Such classifiers incorporate a
the panelist’s labeling within a soft-margin SVM approach (SM-SVM). In particular, a
least-squares formulation is posed leading to a quadratic problem which can be solved
by conventional quadratic programming algorithms. In thisthis work, we present a nat-
ural extension of such a binary case to a multi-class versionby means of a modified
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one-against-all strategy, which keeps the effect of multi-labeler within the decision pro-
cess. Doing so, our approach is able to provide penalty factors for panelists regarding
the accuracy on classifying each single class (one penalty factor per class). To asses
the performance of our method, a controlled artificial data set is used which allows
for analyzing how our method behaves on different levels of separability as well as
different noise levels on labelers. Furthermore, obtainedpenalty factors are compared
with standard supervised measures. Results show that our method is able to asses the
concordance among panelists involving the structure of data.

This paper is organized as follows: Section 2 outlines briefly the binary approach for
multilabeler analysis. Section 3 describes our proposed multi-class extension. Section
4 holds some results and discussion. Finally, final remarks are presented in 5.

2 Bi-class multi-labeler classifier based on SVM (BMLC)

The binary approach for multi-labeler settings studied here consists of an extension of
a two-class based on SVM classifier to multi-labeler analysis. Such an approach, here
termed BMLC, was recently introduced in [7]. BMLC works as follows: For the given
data matrixX ∈ R

m×d and labeling vectory ∈ R
m (beingd the number of considered

features andm the number of samples), the ordered pair{xi, yi} is defined to represent
thei-th sample, wherexi ∈ R

d is thed-dimensional feature vector andyi is the binary
corresponding class label, such thatyi ∈ {1,−1}. Furthermore, a hyperplane model is
assumed in the form:ei = w · xi + b = w⊤xi + b, wherew is an orthogonal vector
andb is a bias term. For classification purposes, functionf(x) = sign(ei) can be used
as a decision criterion. Then, we can write soft-margin SVM formulation incorporating
a slack variableξi, such that:1− yiei; ∀i, whereb = 0., as follows;

min
w,ξ

f̂(w, ξ|λ) = min
w,ξ

λ

2
||w||2 +

1

m

m∑

i=1

ξ2i s.t. ξi ≥ 1− yiei, (1)

whereξ ∈ R
m = [ξ1, . . . , ξm] and〈·, ·〉 denotes the Euclidean inner product. Since in

(1) term1−yiei becomes upper bounded byξi, one can infer that minimizingf(·) with
regard tow should be the same as minimizinĝf(·) regarding bothw andξi.

To address the multi-labeler problem, we aim to design a suitable supervised clas-
sifier involving the information given by different sources(that is, labeling vectors).
To this end, a penalty factorθt is usually incorporated, such thatf̂(·) decreases when
adding correct labels. Otherwise it should increase. In [1], the SM-SVM formulation
of Eq. (1) is also suggested, but the formulation is relaxed to its linear version. Instead,
this work proposes to extend SV-SMV in the genuine quadraticversion to improve the
estimation ofw. Particularly, given a set ofk panelists assigning their corresponding
labeling vectors, eacht-th panelist is to be associated to the penalty factorθt, where
t ∈ [k] and [k] = {1, . . . , k}. Accordingly, by including the penalty factor vector
θ = [θt]1≤t≤k, we can re-write the functional given in Eq. (1), as follows:

min
w,ξ

λ

2
||w||22 +

1

2m

m∑

i=1

(ξi +
1

k

k∑

t=1

citθt)
2, s.t. ξi ≥ 1− ei −

1

k

k∑

t=1

citθt (2)



wherecit is the coefficient (weight) for the linear combination of allθt, which repre-
sents the relevance of the information given byt-th panelist over the samplei. Thus,
the term(1/k)

∑k

t=1 citθt is a weighted average of the whole set of penalty factors.
Defining an auxiliary variablêξi in the form:

ξ̂i = ξi +
1

k

k∑

t=1

citθt ⇒ ξ̂ = ξ +
1

k
Cθ, (3)

the problem (2) becomesmin(λ/2)w⊤w+(1/2m)ξ̂⊤ξ̂; s.t. ξ̂ ≥ 1m− (Xw) ◦y.
Then, to solve the problem, first the corresponding Lagrangian is formed. Second,
we pose a dual problen by solving the Karush-Kuhn-Tucker (KKT) conditions for the
Lagrangian, and eliminating primal variables by expressing them depending only on the
dual variable, constants, and known variables. This procedure is detailed in a previous
work [7]. Such a dual formulation is a quadratic problem withlinear constraints easy
to be solved by a quadratic programming procedure. Following from this, vectorw is
found, and then recalling equation 3 penalty factors can be directly calculated by

θ = C†(1m − (y ◦ e)− ξ), (4)

whereC† is the pseudo-inverse matrix ofC. As an important characteristic of our
method, it is worth to mention that despite being, in principle, designed to calculate
the influence of each labeller, BMLC also outputs a suitable classifier modeled bye =
Xw + b1m. This is approach is detailed in [4].

3 Multi-class extension

This section is aimed to deal with various classesℓ, such thatℓ ∈ {1, . . . , c}, where
c is the amount of considered classes. When dealing with problems involving more
than two classes, a multi-class extension to the formulation described in previous sec-
tion is needed. The first intuition to carry out this task is perhaps by using traditional
multi-class approaches. Among this kind approaches, we findone against one, di-
rected acyclic graph and one against all (OaA), which in general reach similar per-
formance [8, 9]. In particular, within a OaA-based framework a multi-class SM-SVM
formulation for multi-labeler analysis is introduced. This approach consists of build-
ing a number of SVM models, one per class. Applyingc times the bi-class approach
described in section 2, a multi-class approach is accomplished. In general, in case of
using SVM-approaches, classc is compared with the remaining ones in such a way
that it is matched with a positive label, meanwhile the others with a negative label [8];
so that a binary labeling vector per each single class is formed. Concretely, the la-
beling reference vector̄y(ℓ) associated to classℓ is assumed in the form:̄y(ℓ)i = 1 if
xi belongs to classℓ, otherwise0. In this sense, the proposed approach stated in (1)
can be generalized as:

min
w(ℓ),ξ(ℓ)

λℓ

2
‖w(ℓ)‖2 +

1

2m

m
∑

i=1

(

ξ
(ℓ)
i +

1

k

k
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t=1

C
(ℓ)
it θ

(ℓ)
t

)2

(5)
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Consequently, the decision hyperplanes are given by{e
(ℓ)
i , . . . , e

(ℓ)
i }, wheree(ℓ) =

Xw(ℓ) + b(ℓ)1m. Once vectorsw(ℓ) are calculated by solving BMLC, corresponding
penalty factorsθ(ℓ) are calculated with (4). Finally, global penalty factorsθ̄ ∈ R

k can
be estimated by averaging those obtained per each class

θ̄ =
1

c

c∑

ℓ=1

θ(ℓ). (6)

As BMLC, the set of vectorsw(ℓ) from the proposed multi-class extension also pro-
vides a reliable labeling vector̂y ∈ {1, . . . , c}m given by: ŷi = argmaxℓ∈{1,...,c} e

(ℓ)
i .

4 Results and discussion

For experimental results, we consider three artificial datasets corresponding to two-
dimensional Gaussian clouds. We simulate 3 classes which are ruled by the mean vec-
tors whoseXY position areµx = [µx(ℓ)] andµy = [µy(ℓ)], as well as the standard
deviation vectorσ = [σ(ℓ)], whereℓ ∈ {1, . . . , c}. By design, all the classes are built
identically distributed by setting the standard deviationasσ(ℓ) = 2.5, ∀ℓ. Data are
simulated in such a manner that the assigned labeling or ground truth is known and the
class separability can be modified. Also, in order to test thesensibility to wrong labels
of our method, we simulate noisy labels by adding a percentageǫ of error. In this case,
noisy labels are those that have been replaced by any of the other classes altering then
the accuracy of labeling. Here, we introduce the same errorǫ to the three classes by
randomly replacing labels with wrong ones. In the top row of Fig. 1, scatter plots of
simulated data sets regarding the assigned label (ground truth) are depicted. Likewise,
in the below row, examples of noisy data withǫ = 10% are shown. To quantify the
accuracy of the resultant labels regarding the ground truth, two performance measures
are used: the normalized mutual information (NMI) [10] and the adjusted random in-
dex (ARI) [11]. These measures are also applied to compare our method with simple
multi-labeler approaches consisting of obtaining a singlelabeling vector by calculating
either the mode (majority vote) or the average of the labels for each sample. In addition,
in order to evaluate how stable is our approach, the procedure is iterated20 times, and
the values of mean and standard deviation are calculated. Overall results are presented
in Table 1.

In general, we can notice that our method outperforms traditional procedures. De-
spite of the presence of wrong labels, decision functions are well performed since the
structure of data is taken into account within the hyperplane model. Even when the
noisy labeling error is increased, proposed approach output remains a suitable estimate
of the ground truth as can be seen in Table 1. Nonetheless, when classes are very close
to each other or having overlapping as happens in SD 3, our method does not reach that
high performance. This fact can be attributed to the model which is linear. Indeed, it
can be seen as kernel SVM with a linear kernel. Although our method is multi-class,
it is limited to linear function decisions. To overcome thisdrawback, the number of
classes can be slightly increased to classify overlapped samples as new classes.

In Fig. 2, the resulting penalty factors at different errorsǫ (0, 10, 20, 30) are de-
picted. Since the labelers are created with the same errorǫ, one can expect the same
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(a) Data set 1 (DS1)
µx = (−10, 0, 10), and
µy = (−10, 15, 10)
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(b) Data set 2 (DS2)
µx = (−5, 0, 5), and
µy = (−5, 5,−5)
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(c) Data set 3 (DS3)
µx = (−3.5, 0, 3.5), and
µy = (−3.5, 0,−3.5)
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(f) Noisy DS3

Fig. 1: Examples of two dimensional three-class Gaussian data. Themean of each class is given
by µx andµx, meanwhile its ratio given by a value of standard deviation (σ(ℓ) = 2.5)

penalty factors for each labeler. Indeed, the values ofθ̄t are roughly constant for each
considered errorǫ. Nonetheless, it is noteworthy that in case of less separability (DS 3),
penalty factors fluctuate more. This fact can be attributed to the presence of samples in
the ambiguity region, i.e. where classifiers assign classesat random or where there is a
mismatch between decision functions in the multi-labeler extension process.
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(c) DS 3

Fig. 2: Averaged penalty factors̄θt for considered data sets at different errorsǫ.

5 Conclusions and future work

Generally, the use of multi-labeler strategy may provide a better design and training
of classifiers in comparison with one-labeler approaches. Experimentally, we prove
that the proposed approach is capable to quantify the confidence of a set of panelists
taking into consideration the natural structure of data. The here proposed extension to
deal with multi-class settings shows to keep the same benefits of binary case such as



Proposed method Mode Average
Data set ǫ (%) NMI ARI NMI ARI NMI ARI

DS1

0 1±0.00 1±0.00 1 1 1 1
10 0.95±0.01 0.97±0.00 0.92 0.96 0.78 0.77
20 0.78±0.01 0.82±0.00 0.66 0.74 0.52 0.48
30 0.62±0.00 0.67±0.01 0.38 0.44 0.37 0.29

DS2

0 0.9±0.00 0.93±0.00 1 1 1 1
10 0.84±0.01 0.89±0.01 0.79 0.83 0.73 0.73
20 0.68±0.00 0.75±0.01 0.62 0.70 0.51 0.44
30 0.52±0.01 0.57±0.00 0.36 0.42 0.35 0.28

DS3

0 0.99±0.00 0.99±0.00 1 1 1 1
10 0.96±0.01 0.93±0.00 0.90 0.93 0.73 0.73
20 0.62±0.00 0.67±0.00 0.66 0.72 0.54 0.48
30 0.4±0.01 0.43±0.00 0.42 0.48 0.34 0.26

Table 1: NMI and ARI for considered data sets. Our method is iterated 10 times to assess its
stability. Proposed method is compared with mode and average procedures at different introduced
errorsǫ.

the flexible learning process, and the capability to penalize labellers. In addition, our
approach is able to deal with moderate noisy labels keeping agood performance.

For future work, we are aiming at exploring alternatives to improve the reference la-
beling vector setting, since the simple majority vote may not be adequate as a reference,
specially, when there are many supposed wrong labelers. Also, kernelized version can
be devoloped.
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