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Abstract
We study an online learning setting in which the learner actively decides when
to query the binary label of the current data point. On each query, we assume
the learner is given the option of obtaining the true label, which is drawn from
the same source on which the learner’s performance is measured, or a weak label, which is drawn from a noisy version of that source. Assuming weak labels
are cheaper than true labels, the goal of the learner is to maximize predictive accuracy while keeping a desired proportion of true and weak labels. We propose
an approach that chooses which label to query by learning the regions where the
weak label is too noisy. This is done by using the information provided by the
disagreement between weak and true labels. Preliminary experiments on a realworld dataset show evidence that our method of choosing labels performs better
than less informed methods.

1 Introduction
Active learning [5, 10] is a powerful paradigm in which the learner is allowed to select, in a possibly
adaptive manner, its own training data. This helps the learner to focus on the most informative data
points, and thus achieve a better trade-off between the number of training labels and the predictive
accuracy of the resulting model. We study this trade-off in the framework of online binary classification. Here the learner adaptively queries the binary labels of an observed sequence of data points,
with the purpose of achieving small mistake rates across a given range of query rates.
Although the original motivation of active learning is that training labels are generally expensive to
obtain, in many practical cases we may have more than one source of labels, with different costs
per label. For example, consider the problem of identifying relevant documents in an industrial
litigation. Since the number of potentially relevant document is typically large, training labels are
provided by a pool of human annotators, who may include professionals with different experience
and reliability. Whereas it is reasonable to take the annotations provided by an experienced attorney
as ground truth, one may expect the labels of a unexperienced annotator to be of lower quality, and
of corresponding lower cost.
This scenario can be easily cast in an online active learning protocol. The learner observes a sequence of data points (documents). Each time a new document is observed, the learner can either
predict its label (as relevant or non-relevant), or issue a query to obtain the label from an annotator
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and then use it for training. If a query is issued, the learner has the further option of querying a strong
versus a weak annotator. We assume that strong annotators always return true (ground truth) labels,
while weak annotators return noisy labels. If a query is not issued, the learner does not obtain any
training signal for that data point. Now we are facing a more complex trade-off than that of standard
online learning: the mistake rate must be minimized at a certain query rate where the fraction of
strong labels does not exceed a given ratio. More in general, if annotators are associated with given
costs per issued label, we may want to minimize the mistake rate at a given cost rate, leaving to the
algorithm the choice of how often to query the weak and strong annotators.
Clearly enough, a learner is happier to pay a higher cost for a true label only when the corresponding
weak label is expected to be very noisy. Now, it is plausible to assume that this noise rate should
depend on the data point rather than being completely random. Namely, the unexperienced weak
annotator is more likely to err on documents whose relevance is harder to judge. In other terms, the
two annotators are expected to disagree more often as the data point approaches the Bayes decision
surface for the relevance classification. Since we learn a decision surface for classifying relevance,
we could set a threshold to decide when a weak label is too close to the Bayes surface (hence too
noisy) and the true label should be queried instead. However, the behavior of the weak annotator
noise around the Bayes surface may follow a complex pattern, not captured by a threshold. A more
general approach, adopted in this paper, is that of training a classifier to predict when true and weak
labels have a high chance of disagreement, and then use it to decide when to query the true label.
This plan appears to be worth implementing only if the overall cost of learning the disagreement
between strong and weak annotators is not too big. However, notice that we do not want to reduce
the original classification problem to the problem of classifying the disagreement, and then solve
the latter to obtain a solution for the former. Instead we propose to exploit any information we can
learn about the disagrement to obtain a gain in the way we mix weak and strong labels, compared to
a non-informative random baseline. Moreover, we control the cost of learning by assuming that the
additional cost of querying a weak label for the same document for which we already queried the
true label can be disregarded (this is true when junior paralegals are way cheaper than experienced
attorneys, which sounds like a reasonable hypothesis). In this case, we may query the weak label
whenever we query the true label, and use the disagreement of this pair to feed a fresh training
point to the algorithm for predicting disagreement labels. This new training point will hopefully
help to pick more accurately the next true label to query, and so on. In the protocol we describe,
the training set for the disagreement classifier is a subset of the points sampled by the relevance
classifier, thus, we implicitly require that the points of disagreement become denser in the filtered
stream, as a consequence of the model of the disagreement and of the query rule.
Note that learning the disagreement between the annotators can be naturally viewed as an online
filtering problem (see [9] for a review), since the learner only observes false positive mistakes during
the training of the disagreement classifier (when the prediction is for agreement, then the true label
is not queried, and the disagreement between weak and true labels can not be assessed). Since
online filtering can be implemented using the same algorithmic techniques as online active learning,
cf. [2], our approach effectively reduces the problem of online active learning with strong and weak
annotators to online active learning/filtering with a single annotator.
The problem of online active learning with multiple annotators has been previously studied in [6].
Unlike our setting, their model assumes that all annotators generate noisy labels, and the label with
the smallest noise rate for the current instance is declared to be the true label of that instance. A
setting similar to ours, in which the learner has access to a weak and a strong annotator, is the one
in [12], albeit in a batch setting and only from a purely theoretical viewpoint. The work [13] studies
a similar batch setting for image categorization, where annotators of different quality are available.
Their criterion for choosing among annotators is based on the estimated information gain from each
label. In other papers, e.g., [11], there is no access to the ground truth, which is estimated by taking
a majority vote over the labels generated by the annotators. The work [7] adopts an explorationexploitation approach to find out the best annotator for each instance in a batch active setting.
We give a more formal description of our approach in Section 2. The learning algorithm used in the
implementation is illustrated in Section 3. In Section 4 we derive a concentration inequality for a
mixed estimator based on regularized least squares. This allows us to derive an upper bound on the
regret of a classifier that implements our approach. Finally, Section 5 describes the experimental
setting and reports on preliminary the results over a real-world dataset.
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2 Online Learning from Disagreement
In this section we describe our general approach for learning from weak and strong annotators. The
main idea is to query the true label only when we predict it has a fair chance of disagreeing with the
weak label. Notice that according to our disagreement model, presented in Section 4, the weak labels
are perturbed versions of the strong labels over certain regions of the space of observations, so that
we cannot expect to be able to classifying them with high accuracy, and in particular with precision
higher than 1/2. As discussed in the introduction, we assume that we can afford to query also
the weak annotator whenever we decide to query the strong one. Moreover, since we would like to
measure the mistake rate irrespectively of the number of queried labels, we evaluate the performance
of the classifier by comparing the prediction on the current data point before the corresponding label
(weak or true) is queried, with the ground truth label given by the strong annotator.
In the following, we use x1 , x2 , . . . ∈ Rd to denote the stream of data points represented as ddimensional feature (column) vectors xt . We write ytw , yts ∈ {−1, +1} to denote, respectively, the
weak and the strong (ground truth) label associated with xt . Our goal is to control the mistakes of
the relevance classifier on the true labels, irrespectively of which true and weak labels are observed,
and under a given constraint on the number of queries to the weak and strong annotators. In a
certain sense, for a fixed finite-time horizon, we would like to maximize the performance of the
mixed classifier for any given query rate of sampled data points (weak or strong labels) and any
given ratio between the number of weak and strong labels.
In the following we describe our approach to actively learning from strong and weak annotators.
The main idea is that of training a relevance classifier via a disagreement classifier, whose goal is to
predict the disagreement labels defined by the product −ytw × yts ∈ {−1, +1}.
Algorithm 1 Active learning from strong and weak annotators
1: for each time step t = 1, 2, . . . do
2:
observe instance xt ∈ Rd
3:
predict true label yts with ŷ ∈ {−1, +1} according to the relevance classifier
4:
if relevance classifier decides a query on xt then
5:
query weak label ytw
6:
if disagreement classifier predicts a disagreement between ytw and yts over xt then
7:
query true label yts
8:
update the relevance classifier using yts
9:
update the disagreement classifier using −ytw × yts
10:
else
11:
update the relevance classifier using ytw
12:
end if
13:
end if
14: end for

Algorithm 1 illustrates our general approach, in which we are simultaneously training a relevance
and a disagreement classifier. At each time step t, we decide whether to make a query on the current
point (line 4). In case the query is issued, first we query the weak annotator (line 5), and then we
evaluate the disagreement classifier to decide whether to query also the strong annotator (line 6).
If we obtain the true label (line 7), we use it to update the relevance classifier (line 8), and both
labels to update the disagreement classifier (line 9). If we do not query the strong annotator, then
we just update the relevance classifier using the label provided by the weak annotator (line 11).
The approach we described does not depend on the specific choice of relevance and disagreement
classifiers, and in particular on their query rules. Although it is reasonable to assume that regions of
high disagreement are concentrated around the Bayes decision surface of the relevance classification,
the shape of these regions could be complex. For this reason, for the disagreement classification
problem we use a kernel-based classifier. A detailed implementation of a margin-based selective
sampler classifier based on regularized least-squares is described in Algorithm 2, in Section 3.
By learning the disagreement, we want to query true labels only when they are likely to be useful.
Hence, a reasonable baseline against which to measure our approach is a completely random choice
of the same number of true labels.
3

3 Selective Sampling Algorithms
The approach to the problem of mixing strong and weak labels we described in the previous section
is based on the training of two online selective sampling classifiers, for relevance and disagreement.
However, our method does not depend on the choice of a specific selective sampler algorithm. In our
experiments we used the SS algorithm from [2], a linear kernelizable algorithm for online learning
based on the ridge regression model. Whenever a new label is queried, the classifier is updated
according to the Regularized Least Squares (RLS) estimator
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Algorithm 2 The SS selective sampler
Parameter: K ≥ 0, c > 0
Initialization: w1 = 0, A1 = I, N0 = 0
1: for each time step t = 1, 2, . . . do
2:
observe instance xt ∈ Rd
b t = w ⊤ xt
3:
∆
t
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4:
predict label yt ∈ {−1, +1} with sgn(∆
K
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b
5:
if ∆t ≤ Nt ln t then
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t+1 (At w t + ct yt xt )
10:
else
11:
At+1 = At , wt+1 = wt and Nt = Nt−1
12:
end if
13: end for
b t = w ⊤ xt be the current margin, and let Nt be the number of queried labels up to time t. The
Let ∆
t
query rule (i.e., the condition that triggers a query) for SS is based on the margin, which is compared
at each time step to a threshold directly proportional to log t and inversely proportional to Nt , i.e.,
b 2t ≤ K ln t
∆
Nt

(2)

where the parameter K > 0 controls the query rate. The pseudo-code for SS appears in Algorithm 2.
The query rule is based on a probabilistic model for the generation of the labels Yt : there exists a
vector u ∈ Rd , with |∆t | ≤ 1 for all t > 0, such that P(Yt = 1) = (1 + ∆t )/2, where ∆t = u⊤ xt .
b t is a statistical estimate of ∆t . Now, the SS query rule fires when ∆
b t is too
Under this model, ∆
b t ) with high enough probability.
small to guarantee that sgn(∆t ) = sgn(∆

SS is a margin-based selective sampler algorithm that employs a RLS model. Other algorithms use
the same estimator but different query rules. For instance, in the DGS algorithm [6] the estimated
margin is compared against an adaptive data-dependent threshold. Other approaches to selective
sampling have been proposed, where the query rule does not depend on the margin. For example in
b t is higher than a threshold
BBQ [8, 3], where a query is issued whenever the estimated variance of ∆
polynomial in 1/t.
4

4 Analysis of the Mixed Model
In this section we extend the selective sampling setting to a mixed model with two different label
sources: the strong and the weak annotator. In order to bound both the number of mistakes and
the number of queries of the learner, we need to derive a concentration inequality for the mixed
b t − ∆t |, for all t > 0. This step
estimator which allows us to control in probability the quantity |∆
is propaedeutic to the analysis of different RLS selective samplers, where the mistake rate is usually
decomposed over the time steps when the query is issued and it is not issued. Indeed, it can be
b t − ∆t )2 , cf. [8, 6].
proved that the former summation is controlled by a quantity proportional to (∆

Given a sequence x1 , x2 , . . . ∈ Rd of observations, we assume that the {−1, +1}-valued labels
associated with each xt are realizations of the random variables Yts (strong label) and Ytw (weak
label). At each time step t the learner makes a prediction of the unknown strong label Yts . When
a query is issued, the relevance classifier is updated with either label Yts or Ytw , according to the
prediction of the disagreement classifier. When the strong label is queried, we assume the weak
label comes for free, so that the disagreement classifier can be updated using the label −Yts Ytw . We
define the following probabilistic model for the strong label source,
P(Yts = 1) =

1 + ∆t
,
2

(3)

with ∆t = u⊤ xt , for all t ≥ 1, where u ∈ Rd is a fixed and unknown vector, such that |u⊤ xt | ≤ 1,
for all t > 0. Under this hypothesis it is easy to verify that E[Yts ] = ∆t . We define the probabilistic
model of the weak labeler as a perturbed version of the strong labeler, by restricting the perturbation
over specific regions of the space of the observations. More specifically, let 0 ≤ p < 21 be an

e be an unknown partition of the domain of the observations
unknown noise rate and let Ω, Ω
d
Ω ⊆ R . For each t > 0 we have that

P(Yts = 1)
if xt ∈ Ω ,
w
(4)
P(Yt = 1) =
s
s
e.
(1 − p)P(Yt = 1) + p P(Yt = −1) if xt ∈ Ω
Therefore



u⊤ xt
if xt ∈ Ω ,
(5)
e.
(1 − 2p)u⊤ xt if xt ∈ Ω


w
w
are Bayes optimal classifiers
We use the notation ∆w
t = E[Yt ]. Note that sgn ∆t = sgn ∆t
for the data model. The estimate at time t of u is wt , and it is computed via Regularized Least
Squares (RLS) over a subset of the observations (xt , Yt ). The observed labels Yt have a different

bt ,
distribution according to which source is queried at time t. We predict Yts according to sgn ∆
b t = w⊤ xt . Let the variable Zt be the output of the query rule for the relevance classifier
with ∆
t
PT
at each time step, i.e., Zt = 1 implies that a query is issued at time t, so that NT =
t=1 Zt .
At each time step t for which Zt = 1, the choice whether to query the strong or the weak label is
determined by the output of a disagreement classifier. The probability of the two labelers to disagree
e it is increased by p∆2 , yet remaining lower than 1/2
over Ω̄ is given by (1 − ∆2 )/2, while over Ω
for p < 1/2. This implies that the disagreement classifier is trained with highly unbalanced classes.
This is the reason why a weight parameter c is used to rebalance the labels and avoid constantly
negative predictions of disagreement. Let the variable Wt be the output of the query rule for the
disagreement classifier at each time step, so that for Zt = 1, Wt = 0 implies that at time t a query
is issued to the strong classifier, i.e., Yt = Yts . If Zt = 1 and Wt = 1 a query is issued to the weak
classifier and Yt = Ytw . For Zt = 0 we set Wt = 0.
E[Ytw ] =

We measure the performance of the learner using the notion of cumulative regret,
RT =

T 
X
t=1



b t < 0 − P Yts ∆t < 0
P Yts ∆

(6)

computing the expected difference in the number of mistakes made by predicting each strong
(ground truth) label Yts using the estimate wt versus the Bayes optimal classifier defined through
u. Moreover, we want to control the number of queried labels, of both weak and strong annotators.
According to our scenario, we fix the cost of the strong label to be κ times higher than the cost of
5

the weak label. We can provide an upper bound for the total cost CT of the labels, which allows
to control the budget spent to query the strong and weak annotators. The total cost depends on the
number of queries NT of the relevance classifier and on the number of queries of the disagreement
PT
classifier DT = t=1 Zt (1 − Wt ), i.e.,
T 
T 

 X
X
Zt + κ Zt (1 − Wt ) = NT + κ DT (7)
Zt Wt + (1 + κ)Zt (1 − Wt ) =
CT =
t=1

t=1

where the factor 1 + κ includes the cost of a query to the strong annotator and the fact that whenever
the strong annotator is queried, the weak annotator is queried too.
Consider the confusion matrix for the disagreement classifier, where the positive disagreement label
e and the positive prediction by 1−Wt . The false negatives
is given by a perturbed label, when xt ∈ Ω,
(those points where the weak source is queried and the label is perturbed) affect the convergence of
the RLS mixed estimator wt to u by introducing a bias term. The presence of false negatives could
be avoided by querying consistently the strong expert. However, this would increase the cost per
query, since we suppose the labels of the strong expert to be more expensive. Given a fixed budget
we have a tradeoff between number of labels queried and convergence of the RLS mixed estimator.
In order to characterize such bias as a function of the performance of the disagreement classifier, we
proceed as follows. We adapt the approach in [1] to our context, and we derive a concentration inequality for the mixed estimator that explicitly depends on the confusion matrix of the disagreement
classifier. Given any fixed sequence x1 , . . . , xNt , notice that the random variables Yts and Ytw are
Ft -measurable, i.e., their value is determined at time t, given all previous observations up to time
t − 1. We define the residual
 s
Yt − u⊤ xt
if Wt = 0 ∨ xt ∈ Ω ,
εt =
Ytw − (1 − 2p)u⊤ xt otherwise,

and we observe that since E[εt | Ft−1 ] = 0, ǫt t is a martingale difference sequence. Because
conditioned on the observations, the RLS estimator at time t does not depend on their
 ordering,

we partition the matrix St associated with the queried points into two submatrices S t , Set . Let
S T = [xt ], with t ∈ 1, . . . , T such that Zt = 1 and Wt = 0 ∨ (Wt = 1 ∧ xt ∈ Ω), and SeT = [xt ],
e Then, Set is the matrix associated with the
with t ∈ 1, . . . , T when Zt = 1 and Wt = 1 ∧ xt ∈ Ω.
FNs of the disagreement classifier (the weak source is queried and the returned label is perturbed)
and S t the matrix associated with the remaining query points, i.e., the TPs, FPs and TNs (either the
strong source is queried or the label of xt is not perturbed). Using the same criterion, we partition
ǫt .
the labels in Y into Y t and Ye t , and the vector of residuals ǫt into ǫt and e
Then At = (St St⊤ + λ1) can be written as (S t S t + Set Set⊤ + λ1), where λ is the regularization
coefficient. We have that



 
 
0
ǫt−1
S t−1
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+
u
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u
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0
−1
−1
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u
St−1
= A−1 St−1 ǫt−1 + u − λA−1 u − 2pA−1 Set−1 Se⊤ u .
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t−1

t−1

t−1

t−1

By multiplying both members by xt and rearranging items, we get

⊤
⊤ −1
⊤ −1
⊤ −1 e
e⊤
x⊤
t w t − xt u = xt At−1 St−1 ǫt−1 − λxt At−1 u − 2pxt At−1 St−1 St−1 u
e e⊤
= hxt , St−1 ǫt−1 i −1 − λhxt , ui −1 − 2phx⊤
t , St−1 St−1 ui
At−1

At−1

.
A−1
t−1

Then, by applying the Cauchy-Schwartz inequality, we have


⊤
b
e
e
|∆t − ∆t | ≤ kxt kA−1 kSt−1 ǫt−1 kA−1 + λ kukA−1 + 2p St−1 St−1 u −1
t−1
t−1
t−1
At−1


⊤
1/2
.
≤ kxt kA−1 kSt−1 ǫt−1 kA−1 + λ kuk + 2p kuk Set−1 Set−1 A−1
t−1
t−1

t−1
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⊤
et−1 , i.e., the number of perturbed points
We upper bound the spectral norm Set−1 Set−1
with N
n
o
e . The term A−1
eT = PT Zt (1 − Wt )1 xt ∈ Ω
sampled from the weak sampler, where N
t−1
t=1
r



⊤ −1
−1
⊤
equals λmax A−1
= (λmin (St−1 St−1
) + λ)−1 . We
At−1 = λmax (A−1
t−1 ) = λmin (At−1 )
t−1

can now apply Lemma 9 in [1]. It follows that with probability at least 1 − δ
s
!




|At−1 |1/2
1/2
−1
b
e
|∆t − ∆t | ≤ kxt kA−1
8 ln
.
+ kuk λ + 2pNt−1 (λmin (At−1 ) + λ)
t−1
δ
(8)

Equation (8) provides a concentration inequality for the mixed estimator which can be used to prove
upper bounds for the regret in Equation (6). The inequality differs from the case when all labels

et−1 λmin (At−1 ) + λ −1 , introducing a bias
come from the same (strong) expert by the term 2pN
in the estimator. In turn, the bias term depends both on the relevance classifier, determining which
points enter in the estimator, and thus the minimum eigenvalues of At−1 , and on the disagreement
et−1 is proportional to the rate of FNs. Since a common approach to prove a
classifier, since N
bound for the regret requires a sum of the inequality over the rounds when the a label is asked, to
obtain a meaningful result we need to ensure that the bias term does not grow linearly with time.
Besides a proper selective sampling criterion for the relevance classifier which allow us to control
the minimum eigenvalue of the design matrix, we also need to choose a disagreement classifier
which ensures that the number of queried labels goes to zero fast enough, as Nt increases.
Notice that we have an explicit tradeoff between the bound over CT and the bound over RT , which
depends on the performance of the disagreement classifier, indeed by minimizing DT we reduce the
et−1 . Similarly,
total cost of the labels, however we also increase the probability of having large N
e
we can directly control Nt−1 by increasing the positive rate of the disagrement classifier, penalizing
the bound for the total cost.

5 Experiments
In this section we present a preliminary empirical evaluation of our system based on the Enron
dataset, from the TREC 2010 Legal Track test collection [4]. This dataset was generated from a set
of text documents, emails and text attachments, which are labeled as relevant or not with respect to
12 different topics (tasks) by humans with different levels of expertise. More specifically, labels were
assigned to documents by a team of paralegal experts (the weak labelers) and by a team of legals
experts (the strong labelers). The dataset contains 685,592 documents (emails or attachments),
encoded according to a bag-of-words model based on a dictionary of 280,010 terms. Only a subset
of the documents is classified by both legals and paralegals. For this reasons we focused on tasks 301
and 303, which contain the largest number of documents each having both a strong and a weak label
(7,345 and 7,578 documents, respectively). A problem that we had to cope with is that, on these
tasks, there is not a lot of disagreement between legal and paralegal labels. This implies that the gap
in performance between the classifiers trained only on weak or strong labels is not very large.
Figure 1 compares the performance of our system (denoted Online Learning) on tasks 301 and 303
against some baselines. We used the SS selective sampler to implement both the relevance and the
disagreement classifiers, as on our datasets SS performed better than BBQ. We ran experiments using
the weighted variant of RLS. More specifically, we assigned a weight c = 3 to queried documents
that were found relevant, and a weight c = 8 to documents for which we queried both labels and
found them disagreeing. Indeed, the fraction of positive labels for the paralegal (legal) in tasks 301
and 303 is 11.08%(11.28)% and 14.58%(12.66%), respectively. The larger weight c = 8 is due to
the fact, already mentioned in Section 4, that disagreement is caused by the presence of extra noise
in the weak labels, and the rate of this extra noise is rather small.
Since learning the disagreement is not an easy task in general, whenever the disagreement classifier
learns slower, the performance of the relevance classifier are affected, since the disagreement label
is used to decide which expert to query. In order to tame this issue, we primed the disagreement
classifier with a seed set of disagreement points chosen from regions where the weak labels are
7
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Figure 1: Experimental results on the Enron dataset for tasks 301 and 303. QR denotes the average
query rate of the relevance classifier, controlled by the parameter K of the SS selective sampler.

perturbed. Note that a disagreement label is different from a strong label, which means that we can
not use the seed set to train the relevance classifier directly.
We compared the performance of our algorithm with that of a random mix implemented as follows:
whenever the relevance classifier issues a query, a strong label is returned with probability p and
a weak label with probability 1 − p, where p is the desired mix rate. This baseline shows the
performance of an uninformed strategy that only knows the desidered mix between weak and strong
labels. We also ran two oracle versions of disagreement classifier (precision 1 and 0.5, respectively).
The first classifier knows exactly all disagreement labels. The second one classifies detects perfectly
when the strong and the weak label agree, but has only a 50% chance of recognizing documents
whose strong and weak labels disagree.
We view this as an approximation
of the Bayes optimal


e = p ≤ 1.
classifier when P Y = 1 | X ∈ Ω = 0 and P Y = 1 | X ∈ Ω
2
In Figure 1 we selected the parameter of the relevance classifier so that the overall query rate was
19% for task 301 and 24% for task 303. These query rates maximize the performance gap between
querying strong labels only as opposed to querying weak labels only. The gap is exactly the difference in F1 measure between the 0% tick and the 100% tick in the percentage of queried strong
labels. In each pane of the figure, the blue wiggly line shows the performance of the random mix
as more strong labels are allowed in the mix. The black line shows the performance of our system
using the disagreement classifier. The difference is not impressing, but consistent. Also, at low rates
of strong labels our system closely track the performance of the 0.5-precision classifier, which in
turn is not so different from the performance of the 1-precision classifier.

6 Conclusion
In this work we proposed an online active learning setting where there are two sources of labels:
strong (ground truth) labels and weak (noisy) labels. We devised a methodology to analyze problems
in this setting, and approached the task of the learner by introducing a classifier for the disagreement
between the annotators. We described a concrete implementation of our methodology based on
regularized least squares, and reported some preliminary although encouraging experimental results.
The trade-off underlying the problem of learning with weak and strong annotators is delicate: if the
weak source is too weak, then weak labels are not useful, if it is too strong, then one can learn
from weak labels only. In real-world data, this trade-off is hard to achieve, and thus learning the
disagreement could also be used to detect these extreme cases, where no mixing of weak and strong
sources can be beneficial.
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