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Abstract

Practical supervised learning scenarios involving subjectively
evaluated data have multiple evaluators, each giving their noisy
version of the hidden ground truth. Majority logic combination

of labels assumes equally skilled evaluators, and is generally

suboptimal. Previously proposed models have assumed data in-
dependent evaluator behavior. This paper presents a data depen-

dent evaluator model, and an algorithm to jointly learn evaluator
behavior and a classifier. This model is based on the intuition
that real world evaluators have varying performance depending
on the data. Experiments on an emotional valence classification
task show modest performance improvements of the proposed
algorithm as compared to the majority logic baseline and a data
independent evaluator model. But more critically, the algorithm
also provides accurate estimates of individual evaluator perfor-
mance, thus paving the way for incorporating active learning,
evaluator feedback and unreliable data detection.

Index Terms: subjective evaluation, evaluator modeling, emo-
tion classification

1. Introduction

A conventional approach to a binary supervised learning prob-
lem involves a set of training examplés;); (x; € RP),

and the associated labélg), (y; € {0,1}). In this frame-
work, the training labels are assumed to be true and a correct
characterization of the two classes. However, this assump-
tion is a weak one from many perspectives. First, many real-
world classification tasks involve ambiguous, ill-defined and
fuzzy classes. For example, classical emotion recognition from
speech typically quantizes the entire range of human emotions
into a finite set of categories, such as for examp]&ngry,
Happy, Sad, Neutrdl However, this discretization is only an
approximation to the continuum of human emotions [1]. Label-
ing the training data in such cases is a challenging task, even
for trained evaluators, since many training examples lie at the
boundaries of different classes. This invariably leads to labels
which are not a true representation of the data. Moreover, the
expertise level and consistency in labeling across evaluators is
highly variable; training and using highly trained evaluators is
often expensive, and not scalable to large databases.

One typical approach to deal with class uncertainty and lim-
ited availability of trained evaluators is to obtain labels from
multiple evaluators, and use the majority logic or averaged la-
bels as a proxy for the golden truth labels. In [2], the au-
thors show that these averaged labels improve emotion clas-
sification performance. However, such an approach is clearly
sub-optimal, since it gives equal weight to the opinion of each
evaluator. Each evaluator has varying skill levels and offers a
different perception of the various classes. In such situations, it
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is intuitive to give more weight to the labels assigned by reliable
evaluators as compared to the unreliable ones.

Many works in the past have dealt with this multiple evalua-
tor problem. In [3], the task considered was inferring the ground
truth label for the presence of volcanoes in radar images. Each
putative volcano region was categorized by evaluators into one
of five categories. In addition, each category was associated
with a probability of the actual presence of a volcano, given
that the category was true. For a region, given the categorical
labels assigned by multiple evaluators, the task was to estimate
the posterior probability of the occurence of a volcano. The au-
thors do this using the Expectation Maximization (EM) algo-
rithm [4]. In [5], this probabilistic ground truth estimate is used
to learn a classifier. The work by Dawid and Skeene in [6] also
focused on estimating just the ground truth label.

Raykar et al. [7] present a slightly different approach, where
they directly learn the classifier from the training data and the
multiple evaluator labels. They propose a simple two-coin gen-
erative model for each evaluator. LBtbe the number of eval-
uators. Thej'" evaluator { = 1,..., R) is assumed to have
two coins, with the following probabilities of turning heads:
o =Py’ =1y = 1) and3? = P(y’ = 0|y = 0). Here,

y is the true hidden label and is the label assigned by th&"
evaluator.o’ and3’ represent the sensitivity and specificity of
the ;" evaluator. Thus, highly reliable evaluators are expected
to have bott? and 3’ close tol. In addition, they assume a
logistic regression model for generation of the true hidden label
y given the training example and the classifier weight vector

w!
1

e O

The generation o@f i.e., the label assigned to; by the j*"
evaluator is done as follows:

Ply=1lx,w) =o(w'x) =

1. Each evaluator hypothetically looks at the true hidden
Iabelyi of x;.

2. Ify; = 1, he flips theo coin, else the3’ one.

3. Ifthe coin falls heads, he retaipsasy;, else setg;
1-—- Yi-

The authors use the EM algorithm to learn the parameters - the
(o, B7) pair for each evaluatgi = 1, ..., R and the logistic re-
gression weight vectow. As expected, the true labelg;)Y,
are taken as the hidden variables in the formulation. This al-
gorithm has been shown to perform better than majority logic
based logistic regression on both synthetic and real datasets. In
addition, it estimates evaluator sensitivity and specificity.

Itis easy to see that this two-coin evaluator model is highly
simplified. Particularly, according to this model, the evaluator
does not use the datg while generating a label for it. This is



impractical, since real world evaluators base their decision on <x ) P(xjz" = 1) = NOGH, .5,
the example which has been given to them for labeling. For ex-
ample, in the case of labeling emotional speech, it is unreason-
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able to expect evaluators to assign labels to sentences without P =1)=m_ (/z ) (Y ) Poixw =ow)
listening to them. The main contribution of the present paper N o~
is to propose a model for this data-dependent nature of the sub-
jective evaluation process. The proposed model is based on the yh. _(’/yj \ ;R\)
intuition that real world evaluators have different sensitivity and L \) &\/
specificity for different regions of the entire feature space. ifﬁféﬁ = ; i: - gf;m
2. Data-dependent evaluator model Figure 2: Graphical model representation of the proposed

model. z isthe indicator vector for GMM mapping of x.
The training data of the proposed algorithm consist&ohde-

pendentD-dimensional examplegs;)Y.; and R binary labels

for each example(y{)le, one from each evaluator. AN - 3. Parameter estimation

mixture component Gaussian Mixture Model (GMM) is used to

approximate the distribution of the training examples. To model The parameters of the evaluator model which have to be es-
the data-dependent behavior of evaluators, we hypothesize that timated arew, (7, fm, Zm)b—, (mixture weights means
each evaluator has a pair of coins for each mixture component. and covariances of the GMM) anda?,, 52,)_ 1)f ;. Let

Let these coins be defined by probabilitiel andg?, of turn- these parameters be denoted®y Finding analytic expres-
ingheads{=1,...,R; m =1,..., M), defined as follows: sions for ML estimates of these parameters is intractable by
direct maximization of the likelihood of the training data, i.e.,
ol = P(y! = 1|y; = 1,m"" Gaussian gives;)  (2) P((x:)1, (y))F1)iL,|©). Thus, we resort to the EM algo-

rithm for performing this optimization. The hidden variables
are(y;), (the true labels) an@z; ), (the1-in-AM encoding
of the mixture component index which emitteg).

B, = P(y! = 0ly; = 0,m"" Gaussian gives;) (3)

We hypothesize that evaluators generate labels as follows:

1. Given an examplg; to label, thej*” evaluator finds the 3.1. The E step
mixture fngO”e”t which generated that example. Letit  The complete data likelihood is the joint probability density
be them ™ mixture component. function (pdf) of the observed and hidden data given the pa-

2. Based on whether the true lahglis 1 or 0, he flips the rameters, and it can be factored as follows:

ad, or B2, coin respectively. N N
; X =1 I3 i=1>» 1)i=1» zZ; 1= 9
3. If the coin falls heads, he retaips asy;. Else he sets P(G)iz (2 )J Vizt (v ) b ) 11©)

. N
J — . .
v =1-y. = [[ P(xi,2:l©)P((y))jer, yilxi,2:,0) ()
Note that forM = 1, this algorithm becomes similar in =1
nature to the one proposed in [7], where the evaluators become .
totally oblivious to the presented example while generating their  NOW, P(x:,z:|©) can be written as:
labels. Figures 1 and 2 contrast the graphical model represen-

tations of the evaluator model in [7] and the proposed model, M ‘
respectively. The dependence of the evaluator lapelsn the P(x:,2i]0) = [ (mm N (|, Zm)) 7 5)
datax is evident through the hidden random vector This m=1

M-dimensional random vector has vallie exactly one of its

components, rest beiry z,, = 1 indicates that then'" Gaus- whereN (x;|tm, £ ) is the Gaussian pdf and,,, is them ™

sian was used for generatirg Next, we discuss the algorithm component of;. Consider the ternP((yf.')f:l, YilXi, Zi, O)
for estimation of various parameters of the model in the EM in (4). Sincey; is a Bernoulli random variable, it can be written

framework. In (). Sinc
@ P((y]);o1, yilxi, 2i,©) = P((y));21, yi = 1xi, 24, ©)"
P((y))iy, yi = 0|xi,2;,0)' ¥
£ (6)
(Y ) Poxw =own)
ﬂ\ Upon some calculations, we can express (6) as:
D //—_\ ﬁR
(y")Kyl\r\y) - ) ) |
& p(;r_/1/\y-1)-c;\\ P((yf)j’:l,yi\xi,z“ pz H aZim y, 1*171 H b m 1y
P(y' =0ly=0)=p
(7

Figure 1: Graphical model representation of the evaluator
model in[7]. x isthe observed data, y is the hidden label and

17 isthe label assigned to x by the 5" evaluator. wherep; = o(w'x;), aim = Hf‘ l(a{n)yf (1—ad,)'=¥ and

bim - Hle(l - m) (ﬁj ) - ]



Therefore, using (4), the complete data log-likelihood can We note thatv appears it in a sigmoid function, due to which

be expressed as: we resort to the Newton-Raphson method to estimate it:
log P((xi)iZr, ((4])550)isn, (9i)ita s (20)ila]©) = witl — w! — 6H g (17)
N M
Z [Z zim(log Tm + log N (x| ttm, Em)>+ whereg = ZiN:l(m — o(w'x;))x; is the gradientH =
i=1 m=1 — vazl o(w'x:)(1 — o(w'x;))x:x{ is the Hessian andlis
M the step size.
vi (logpi + ) zimlog aim) For initialization, we setw « 0, obtainm,,, j, and%,,
m=1 through K-means clustering ¢k, ), setr; — % > v/,
M 1n; — K; and(im “— Kivim. The E-step involves comput-
+(1 - yi)(log(l —pi)+ Z Zim log bim)] (8) ing (11)-(14), followed by the M-step, where the GMM pa-
m=1 rameter update and (15)- (17) are computed. The EM itera-

tions continue till increase in the log-likelihood of the training

Next, the posterior pdf of the hidden variables given the ob- data(x;, (yf)ﬁl)ﬁv:l becomes smaller than a chosen threshold,

served variables and parameters can be written as:

e > 0.
N
H Pzl (y)) 1y, %0, ©) P(yilza, (v) e, x,0)  (9) 4.1. Emotional speech database and features
=1 The performance of three algorithms - logistic regression

So, while computing the expectation of the complete data log- With majority logic labels, the data independent algorithm
likelihood with respect to this posterior pdf, we first compute ~ from [7] and the proposed approach, was compared on an emo-

the expectation with respect 8(y;|z;, (v/)1,xi, ©), and tional valence classification task from speech using the EMA
then the expectation of the resulting functionzefwith respect database [8]. This database has 3 subjects who read 10 sen-
to P(Zi|(yj)f:1,xi7 ©). After some calculations, we get the  tences five times each, portraying four emotional states: anger,
following éxpression for the expectation: happiness, sadness and neutrality. Each sentence has been eval-

uated by 4 human evaluators. This database was chosen since

N oM the ground truth labels are known (and used in published stud-
E=) [ > vim ( log 7 + log N (Xi |, Em)) + ies), which facilitates easy evaluation of the learnt classifier. For
i=1 m=l1 valence (i.e., how positive or negative an emotion is) classifica-
M tion, {happy, neutrdl were assigned to class 0, afisad, an-
nilogps + Y Gim 10g Gim+ gry} were assigned to class 1. The Fleiss kappa statistic [9]
m=1 for the set of 4 evaluator labels was 0.7112, indicating a high
M inter-evaluator agreement.
(1=n:)log(1 = pi) + Y (Yim — Cim) log bim] (10) We extractedl3 component Mel Filter Bank (MFB) fea-
m=1 tures from the speech signal oves ms frames with10 ms
where we define the following quantities: overlap. The component-wise mean and standard deviation of
this vector are computed over the entire utterance, resulting in
pi[IM_, afim two 13-dimensional feature vectors. We found out that compo-
R = i1V, am + (1 —po) [V, b2im (11) nents of these mean and standard deviation vectors were highly
tHim=1 em S im=1 T correlated across utterances. To prevent multi-collinearity prob-
Yim = —=7 T N (i | m) (12) lems in logistic regression, we applied discrete cosine transform
> =1 Tt N (Xi| s, Sor) (DCT) to these vectors separately. The fizstimensions of
M= Epi @){”i} (13) the resulting vectors were retained, as they contained more than
W) j=1% 99% of the energy of the entire signal. Concatenation resulted
Gim = Ep(zi‘(yg)rpxi?@){nmm} (14 in a4-dimensional feature vector for each utterance.

Note thatx; is a function ofz;, and the expectations in (13) 4.2. Classification results
and (14) can be computed easily using the fact thatithe

dimensional random vectar, hasM possible values. The step size for Newton-Raphson iterations in the two multi-

ple label algorithms was empirically set to 1, and the threshold
3.2. The M step for t(_arm_ination of the EM_iterations to 0.01 (fraction chgng_e in

log-likelihood of the training data). A 10-fold cross-validation
As can be seen from (10), the GMM parameters are decoupled was performed, with 8 folds for training and 1 fold each for de-
from the rest of the parameters. Hence, we obtain the stan- velopment and testing. In each validation cycle, the number of
dard EM re-estimation equations for the GMM parameters. Re- mixture components was set to the value which gave the max-

estimation equations for atl/, and 3, can be found out by imum area under the Receiver Operating Characteristic (ROC)
setting the partial derivative @ to 0. curve for the development set. The area under ROC for the test
N ; set for the 9 possible configurations is shown in Table 1. As can
ol = i1 Gim¥i (15) be observed, the proposed algorithm leads to an improvement of
" Zf’:l Cim 1.4% relative to the majority logic based method, significant at
‘ ZN im — Cim) (1 — y?) 5% level. The simple data independent algorithm from [7] leads
Bl = &= T C (16) to an improvement of 0.7% over the majority logic baseline, but

N
2 ic1 (Yim — Gim) it is not statistically significant.



Table 1:Area under ROC for the 3 algorithms on the test set.

Fold no. Majority logic Simple multiple Proposed
based algorithm| label based algorithm algorithm
1 0.6835 0.6886 0.6869
2 0.7202 0.7366 0.7440
3 0.7470 0.7515 0.7485
4 0.6566 0.6532 0.6582
5 0.5658 0.5705 0.5784
6 0.7252 0.7438 0.7438
7 0.6528 0.6466 0.6497
8 0.7441 0.7458 0.7576
9 0.5952 0.5982 0.6086
Mean 0.6767 0.6817 0.6862
p-value [10] reference 0.1641 0.0195
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Figure 3:3 mixture component GMM and the estimated («, 3)
pairs (one row per evaluator) for each component.

Figure 3 shows the scatter plot of the first two dimensions
of the training data in the first cross-validation cycle. Also
shown is the learnt 3 mixture component GMM, and the esti-
mated(a, 3) pairs for each evaluator. The trge, 3) pairs for
each evaluator at every mixture component can be found out us-
ing the reference ground truth labels, and assigning each train-
ing example to the mixture component having the maximum
posterior probability of emitting it. The total squared error be-
tween the true and estimated parameter values for all evaluators
over all mixture components was found to®6092 for oz and
0.0090 for 3, indicating highly accurate estimates.

4.3. Additional insights

In addition to a modest (but statistically significant) improve-
ment above the majority logic based method, one is able to ob-
tain valuable evaluator performance information from the pro-
posed algorithm. As we can see from figure 3, evaluators don'’t
give equally reliable labels in all clusters (e.g. evaluator 4 has
lower reliability while labeling class 0 examples in the right-
most cluster, indicated by@of 0.7367). Such data-dependent
evaluator reliability information can be used in a variety of
ways. First, it can be used for the training of human evalua-
tors, by informing them about the set of examples which they
labeled unreliably. Second, it can help screen out unreliable
evaluators, by putting a threshold on theand 3 values. Both

the above steps can help improve the overall quality of subjec-

tively obtained labels. In addition, knowledge of clusters of data
on which all evaluators gave unreliable labels can be used as an
indicator of unreliable data itself.

5. Conclusion and scope of future work

This paper presented a data-dependent multi-coin evaluator
model, motivated by the observation that evaluators assign la-
bels only after taking the example presented to them into con-
sideration. A GMM is used to model the training examples.
Each evaluator’s labeling behavior for a particular mixture com-
ponent is modeled by a pair of biased coins associated with that
component. The EM algorithm is used to learn the parame-
ters of this model. Valence classification experiments show a
statistically significant improvement over the commonly used
majority logic baseline, and the simple data-independent eval-
uator model presented in [7]. The estimated evaluator reliabil-
ity parameters are highly accurate in the squared-error sense.
More importantly, this model gives valuable insights into evalu-
ator reliability, which can be used for active learning, feedback
and data/evaluator selection. One of the major directions of fu-
ture work is developing more realistic evaluator models. For
example, labels assigned by a particular evaluator are not inde-
pendent. Evaluator behavior is continuously evolving and many
evaluations in the real world are serial (in the sense that the la-
bels from a relatively naive evaluator are filtered by an expert).
This is in contrast to the current framework, where each evalu-
ator is assumed to be independent, and working in parallel.
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