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Abstract

One of the most resource intensive tasks in building a pattern
recognition system is data collection, specifically the acqui-
sition of sample labels from subject experts. The first part of
this paper explores an EM algorithm to train classifiers us-
ing labelers of various reliability. Exploiting unreliable la-
belers opens up the possibility of assigning multiple labelers
to judge the same sample. The second part of this paper ex-
amines an optimal strategy such that labelers are assigned to
judge samples to maximize information given to the learning
system. The optimal labeling strategy for the idealized case
of two labelers with two samples is examined and illustrated.

Introduction
Building pattern recognition systems generally involves four
steps: model selection, data collection, training, and test-
ing. Model selection involves picking the right computa-
tional model for the application and the necessary param-
eters and features. Data collection gathers and insures the
quality of training data. Training adjusts the model to best
“fit” the training data. Testing measures the performance of
the trained classifier, ensuring its adequacy for the applica-
tion.

Model selection and training tend to be closely related and
have received the bulk of research effort. Textbooks in the
area (Duda, Hart, & Stork 2001; Hastie, Tibshirani, & Fried-
man 2001) generally devote many pages to various models
(e.g., neural networks, decision trees, Bayes nets) and learn-
ing algorithms (e.g., maximum likelihood, gradient descent,
Bayesian estimation) and the properties of those learning al-
gorithms (e.g., rate of convergence, stability, computational
complexity).

Unfortunately, little in the literature discusses problems
related to collecting training data and insuring data qual-
ity. This is surprising considering the significant amount of
time and effort spent on data collection. Many organiza-
tions, such as the Linguistic Data Consortium (LDC)1, the
Center for Excellence in Document Analysis and Recog-
nition (CEDAR)2, and the National Institute of Standards
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and Technology (NIST)3, devote a considerable amount of
resources to creating databases for pattern recognition re-
searchers and developers. The majority of work in all these
situations involves knowledge workers of varying expertise
transcribing and checking data. The system must ensure a
high quality dataset as the final output even though each in-
dividual knowledge contributor can be unreliable.

In particular, mechanisms should be set in place to verify,
or “truth,” the labels collected, since mislabelling is often
a significant source of error. For example, consider a real-
world task of labeling volcanos in radar images of Venusian
surface from the Magellan spacecraft (Smyth et al. 1995). A
labeling experiment involving several planetary geologists,
who are experts in Venus volcanism, shows a level of dis-
agreement among them such that at least one of them must
have a mislabeling rate higher than 19% (Smyth 1996).

The process of collecting and truthing labels has tradi-
tionally been based on heuristics and trial-and-error. The
goal of this paper is to introduce some formal computational
methods and theories into data acquisition and truthing. We
first explore redundant labeling as a mechanism to improve
data quality, and a formal EM approach is introduced for
learning from multiple labelers. Since each label collected
costs time, money, and probably other resources, one would
like to be economical in deploying labelers. We explore an
information-theoretic approach that requests labels in an op-
timal way to maximize information gain. We conclude the
paper with references to related work and discussion of areas
for future exploration.

EM Learning from Multiple Unreliable
Labelers

In many areas of science and decision making, one common
technique to handle subjective and unreliable information is
through redundancy. For example, peer review of scientific
paper submissions ensures the general quality of the final
publications. Similarly, in open source software develop-
ment, peer review of code submissions ensures the reliability
of the end system.

Redundancy can also improve the overall reliability of
datasets acquired from unreliable labelers. A straightfor-
ward approach, analogous to peer review, is to have multiple

3http://www.nist.gov/
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Figure 1: (a) A typical generative model of data. The proba-
bility p(x, y) is decomposed into P (y) and p(x|y), which
are then represented separately. (b) An extension of the
model in which a contributor’s judgement, ỹ, is also a ran-
dom value generated by the actual class value. An important
assumption in this model is that a contributor’s judgement
is independent of the feature data given the actual label. (c)
A further extension with multiple contributors. The contrib-
utors’ judgements are also independent of each other given
the actual class label.

labelers label the same sample, and the label used for learn-
ing is based on a majority vote. However, some information
is lost in this approach, and it ignores the varying reliability
of the different labelers. There is a more effective proba-
bilistic approach to aggregate different labelers’ judgement
for learning, taking into account the labelers’ reliability.

Many pattern classification approaches assume a gener-
ative model of data as graphically depicted in Figure 1(a).
One supplies a set of feature data x and corresponding class
labels y to train the system, and the trained classifier takes
input x and outputs an estimate P̂ (y|x), which is the classi-
fier’s belief of which class x belongs to. Figure 1(b) shows a
generative model in which a contributor’s (unreliable) judge-
ment ỹ is generated only from y. That is, we assume the in-
dependence relationship P (ỹ|y,x) = P (ỹ|y). When given
only x and ỹ but not y, the learning problem can be seen as
one of learning with missing data, with the true label y be-
ing the missing data. A popular solution is the Expectation-
Maximization (EM) learning algorithm (McLachlan & Kr-
ishnan 1996). The model in Figure 1(b) can be further ex-
tended to include multiple labelers, as shown in Fig. 1(c).
One additional assumption is that the different contributors’
judgements are also independent of each other given the ac-
tual class label. The EM algorithm can again be used with
this extended model.

To simplify our exposition, we will assume the availabil-
ity of just two labelers, ỹ1 and ỹ2, although in principle more
labelers can be handled in the same way. The joint distribu-
tion of all the variables can be decomposed into

p(x, y, ỹ1, ỹ2) = P (y)p(x|y)P (ỹ1|y)P (ỹ2|y).

Each of the factors P (y), P (ỹ1|y), P (ỹ2|y), and p(x|y) are
modeled separately and trained with the EM algorithm. Note
that not all factors are necessarily used for all data points in
EM learning; if there is no label ỹ2 for a data point x, then
there is no need for the factor P (ỹ2|y). Furthermore, if there
is no label at all for a sample (i.e., both ỹ1 and ỹ2 are miss-
ing), then the EM algorithm is only applied to learn P (y)
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Figure 2: The optimal label acquisition strategy for two
points x1 and x2 is shown for three levels of mislabeling
rate ε, and P (y = ω1|x1) as given by a classifier. In the
limit of ε → 0, the strategy is to present one data point to
contributor 1 and the other data point to contributor 2. This
fits intuition since if the contributors are perfect, then it is
only redundant to ask the two of them to judge the same
point. In the large-ε case, the strategy is to present the most
uncertain point (i.e., the one with P (ω1|x) closest to 0.5) to
both contributors.

and p(x|y) and it reduces to EM learning with unlabeled
data (Nigam et al. 2000).

While all four factors are modeled and learned, only P (y)
and p(x|y) are needed for final deployment. That is, for
classification one is calculating P (y|x), which by Bayes’
rule is equal to

P (y|x) =
P (y)p(x|y)

∑
y
P (y)p(x|y)

.

Optimal Labeling Strategy
In the presence of multiple labelers, it seems uneconomical
to have all labelers label all samples. One insight from active
learning (Cohn, Ghahramani, & Jordan 1996) is that careful
choice of samples for labeling can reduce the labeling effort
without sacrificing classifier performance. In the context of
multiple unreliable labelers, careful labeling strategy should
also reduce the labeling effort while retaining the same ac-
curacy.

If multiple imperfect labelers are available, and they all
work for free, then it is obvious that each sample should be
labeled by all the labelers. Unfortunately, there is no free
lunch in life. Even where labelers are volunteers, they will
only provide so many labels before being exhausted. There-
fore the labelers are still a limited resource to be employed
carefully. An interesting problem is determining the optimal
strategy for employing these labelers.

One approach is to maximize learning by asking labelers
to provide the most informative labels. A principled imple-
mentation of which is to minimize uncertainty of the un-
known true labels y. A natural measure of uncertainty is
the information entropy (Cover & Thomas 1991), defined as
H(X) =

∑
−p(X) log

2
p(X).

To help us gain insights, we study a simple example. As-
sume there are two data points, x1 and x2, and two labelers,
ỹ1 and ỹ2. Each labeler is willing to judge only one data
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Figure 3: The optimal label acquisition strategy for two
points x1 and x2 with mislabeling rate ε between 0 (ceiling)
and 0.5 (floor). Fig. 2 shows essentially just three horizon-
tal cross sections of this 3-D graph, although the solid cyan
and green sections have been carved out to show the contour
projections on the floor of the 3-D box. The color legend is
the same as in Fig. 2.

point. The two labelers are assumed to provide labels that
are random flippings of the true labels; labeler ỹ1 flips with
probability ε1 and labeler ỹ2 flips with probability ε2. There
are four labeling strategies we can choose from:

1. Both labelers judge x1

2. Both labelers judge x2

3. Labeler ỹ1 judges x1 and labeler ỹ2 judges x2

4. Labeler ỹ1 judges x2 and labeler ỹ2 judges x1

The uncertainty resulting from each of the four data collec-
tion strategies are respectively

1. E[H(y)] = Eỹ1,ỹ2
[H(y|x1, ỹ1(x1), ỹ2(x1))] + H(y|x2)

2. E[H(y)] = H(y|x1) + Eỹ1,ỹ2
[H(y|x2, ỹ1(x2), ỹ2(x2))]

3. E[H(y)] = Eỹ1
[H(y|x1, ỹ1(x1))] +

Eỹ2
[H(y|x2, ỹ2(x2))]

4. E[H(y)] = Eỹ1
[H(y|x2, ỹ1(x2))] +

Eỹ2
[H(y|x1, ỹ2(x1))]

where ỹ1(x) and ỹ2(x) are the judgements of the first and
second labeler on data point x, respectively.

Among the four choices, the optimal strategy is to choose
one that minimizes E[H(y)]. Using the conditional inde-
pendence of our generative model, P (y|x, ỹ1(x), ỹ2(x)),
P (y|x, ỹ1(x)), P (y|x, ỹ2(x)), and P (y|x) can all be com-
puted using just P (y|x), P (ỹ1(x)|y), and P (ỹ2(x)|y). In
turn, P (ỹ1(x)|y) and P (ỹ2(x)|y) are simply functions of
ε. So if one lets P (y|x1) and P (y|x2) be approximated
by the classifier’s current probabilistic beliefs P̂ (y|x1) and
P̂ (y|x2), respectively, then one can compute E[H(y)] under
each labeling strategy and choose the optimal one. Figure

4, which we will refer to as the Labeling-Strategy Graph,
shows the resulting decision regions for different ε’s.

To understand the implications of the Labeling-Strategy
Graph, we first examine the lower-left-to-upper-right diago-
nal, where the reliability of the two labelers are equal. There
are really only three strategies to choose from, as Strategy 3
and 4 are equivalent. The white spaces denote the strategy
where one labeler labels x1 and the other labels x2.

Obviously, when both labelers are perfect (that is, ε1 =
ε2 = 0), they should each label a different data sample. This
situation is represented by the completely white square at
the lower-left corner of the Labeling-Strategy Graph. For
imperfect labelers, we see that sometimes it is better for
them to “collaborate” and label the same sample, in effect
“truthing” each other’s contribution. Specifically, when the
classifier is fairly certain about the class of a data sample
(i.e., P̂ (y = ω1|x) is close to 0 or 1), there is little informa-
tion to be gained from labeling it, and it is more productive
for both labelers to examine the less certain sample. On the
Labeling-Strategy Graph, we see that Strategy 1, in which
both labelers judge x1, is optimal in the upper and lower re-
gions where the classifier is confident in its classification of
x2. Conversely, Strategy 2, in which both labelers judge x2,
is optimal in the left and right regions where the classifier is
confident in its classification of x1.

As the mislabeling rate of the labelers increases, one
moves toward the upper right corner of the Labeling-
Strategy Graph. The white region correspondingly shrinks.
In other words, it becomes more productive for the label-
ers to collaborate and focus on getting the label for just one
sample right. Except when the classifier has roughly equal
uncertainty about the two samples, it tends to learn more by
directing the labelers to the less certain sample.

Besides the diagonal, other interesting areas on the
Labeling-Strategy Graph are the boundary conditions where
either ε1 = 0 or ε2 = 0. Again the two labelers should ex-
amine different samples, as there is no point in having the
imperfect labeler double-check the work of the perfect la-
beler. The choice is between Strategy 3 and 4. Looking at
the Labeling-Strategy Graph, we see that the perfect labeler
should always label the less certain sample, while the imper-
fect labeler should label the more certain one.

Even in cases where neither ε1 or ε2 are 0, the better (more
reliable) labeler should always judge the less certain sample.
This formalizes our intuitive tendency to assign more diffi-
cult tasks to experts while leverage non-experts to work on
easier tasks. However, when the easier task becomes too
easy (i.e., the classifier is very confident about the class of
the sample), the less reliable labeler becomes more produc-
tive by joining the better labeler in tackling the harder task.
That is, one enters the Strategy 1 or 2 areas that was dis-
cussed previously.

Related Work
The issues in using unreliable labelers to build pattern recog-
nition systems are best highlighted by the Open Mind Ini-
tiative (Stork 2000). Under the Open Mind Initiative, the
labelers are most likely unreliable because they are just un-
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Figure 4: Labeling-Strategy Graph. The figure shows the optimal labeling strategy for two data points from two labelers who
will each contribute one label. The contributors’ mislabeling rates are ε1 and ε2. The classifier’s current class estimates for the
two data points are P̂ (y = ω1|x1) and P̂ (y = ω1|x2).



known volunteers gathered thru the Web. In a broader con-
text, the general ability of unreliable information sources
being aggregated to provide reliable, intelligent results has
been demonstrated in practice by such projects as Wikipedia
(http://www.wikipedia.org) and various decision markets
(Pennock et al. 2001). Richardson and Domingos (2003)
further explore the use of multiple weak experts to build the
structure of Bayesian networks.

Learning from training data with unreliable labels has
been investigated by many researchers (Angluin & Laird
1988; Katre & Krishnan 1989; Lugosi 1992) and the learn-
ing efficiency has been examined as well (Krishnan 1988;
Lam & Stork 2003b). The main divergence of our approach
is that we allow each data point to have multiple labels that
can be gathered from experts of different reliability.

Active learning (Cohn, Ghahramani, & Jordan 1996)
deals with selectively choosing data points for labeling, such
that each labeling is most “educational” in terms of teaching
a classifier. The labeling strategy examined in this paper
shares the same goal. However, active learning has tradi-
tionally assumed a single perfect ‘oracle’ as labeler, while
our approach deals with multiple unreliable labelers.

Dawid and Skene (1979) has used the same EM algorithm
as ours to deal with observer errors. However, they do not
use it to train a classifier. Their goal is to simply estimate the
error rate of each observer (i.e., labeler), which our system
can also do.

While this paper addresses some of the issues in learning
from unreliable labelers, Lam and Stork (2003a) discusses
methods for evaluating classifiers given unreliable labelers.
The issue of handling noisy testing data in the specific case
of text corpora is addressed in Blaheta (2002).

Future Work and Conclusion

This paper first presented a EM algorithm for training clas-
sifiers using multiple unreliable labelers. The learning algo-
rithm allows each sample to have labels from zero, one, two,
or more experts. As a side effect, the algorithm also gives
a maximum-likelihood estimate of the error rate of each ex-
pert.

The second part of this paper considered the acquisition
of each judgement from an expert to incur a fixed cost, and
it proceeded to examine the optimal assignment of label-
ers to samples. Specifically, it illustrated the information-
theoretic optimal strategy for the two-labeler, two-sample
scenario. The optimal strategy is shown by the Labeling-
Strategy Graph to match intuition: the more difficult sample
should be examined by the better labeler, while the easier
sample will be looked at by the less-skilled labeler, although
it sometimes make sense to assign both labelers to judge the
difficult sample if the other sample is relatively very much
easier.

The theoretical exploration in this paper provided practi-
tioners with guidelines for improving data acquisition in the
context of building pattern recognition systems. Empirical
examination remained for future work.
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