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Figure 6: Estimated image and annotator parameters on the Waterbirds dataset. The annotators were asked
to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.

was that some annotators would be able to discriminate ducks from the two other bird species, while
others would confuse ducks with geese and/or grebes.

Results from the experiment, shown in Figure 6, suggest that there are at least three different groups
of annotators, those who separate: (1) ducks from everything else, (2) ducks and grebes from every-
thing else, and (3) ducks, grebes, and geese from everything else; see numbered circles in Figure 6.
Interestingly, the first group of annotators was better at separating out Canada geese than Red-necked
grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.

6 Conclusions
We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.
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Figure 6: Estimated image and annotator parameters on the Waterbirds dataset. The annotators were asked
to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.
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decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.
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decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.
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was that some annotators would be able to discriminate ducks from the two other bird species, while
others would confuse ducks with geese and/or grebes.

Results from the experiment, shown in Figure 6, suggest that there are at least three different groups
of annotators, those who separate: (1) ducks from everything else, (2) ducks and grebes from every-
thing else, and (3) ducks, grebes, and geese from everything else; see numbered circles in Figure 6.
Interestingly, the first group of annotators was better at separating out Canada geese than Red-necked
grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.

6 Conclusions
We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.
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labels by integrating the labels provided by several annotators with different skills, and it does so
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kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.
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annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.
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only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
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Figure 6: Estimated image and annotator parameters on the Waterbirds dataset. The annotators were asked
to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.

was that some annotators would be able to discriminate ducks from the two other bird species, while
others would confuse ducks with geese and/or grebes.

Results from the experiment, shown in Figure 6, suggest that there are at least three different groups
of annotators, those who separate: (1) ducks from everything else, (2) ducks and grebes from every-
thing else, and (3) ducks, grebes, and geese from everything else; see numbered circles in Figure 6.
Interestingly, the first group of annotators was better at separating out Canada geese than Red-necked
grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.

6 Conclusions
We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.
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Figure 6: Estimated image and annotator parameters on the Waterbirds dataset. The annotators were asked
to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.
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competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
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decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.
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discover different schools of thought on how to carry out a given task.
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Figure 6: Estimated image and annotator parameters on the Waterbirds dataset. The annotators were asked
to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.

was that some annotators would be able to discriminate ducks from the two other bird species, while
others would confuse ducks with geese and/or grebes.

Results from the experiment, shown in Figure 6, suggest that there are at least three different groups
of annotators, those who separate: (1) ducks from everything else, (2) ducks and grebes from every-
thing else, and (3) ducks, grebes, and geese from everything else; see numbered circles in Figure 6.
Interestingly, the first group of annotators was better at separating out Canada geese than Red-necked
grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.

6 Conclusions
We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.
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Figure 6: Estimated image and annotator parameters on the Waterbirds dataset. The annotators were asked
to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.

was that some annotators would be able to discriminate ducks from the two other bird species, while
others would confuse ducks with geese and/or grebes.

Results from the experiment, shown in Figure 6, suggest that there are at least three different groups
of annotators, those who separate: (1) ducks from everything else, (2) ducks and grebes from every-
thing else, and (3) ducks, grebes, and geese from everything else; see numbered circles in Figure 6.
Interestingly, the first group of annotators was better at separating out Canada geese than Red-necked
grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.

6 Conclusions
We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.
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Bluebird	  dataset	  	  
•  Indigo	  BunBng	  vs.	  Blue	  Grosbeak	  

–  108	  tasks	  (images)	  
–  39	  workers	  	  
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Figure 1: (a) Sample MTurk task where annotators were asked to click on images of Indigo Bunting (described
in Section 5.2). (b) The image formation process. The class variable zi models if the object (Indigo Bunting)
will be present (zi = 1) or absent (zi = 0) in the image, while a number of “nuisance factors” influence
the appearance of the image. The image is then transformed into a low-dimensional representation xi which
captures the main attributes that are considered by annotators in labeling the image. (c) Probabilistic graphical
model of the entire annotation process where image formation is summarized by the nodes zi and xi. The
observed variables, indicated by shaded circles, are the index i of the image, index j of the annotators, and
value lij of the label provided by annotator j for image i. The annotation process is repeated for all i and for
multiple j thus obtaining multiple labels per image with each annotator labeling multiple images (see Section 3).

biases, while identifying annotators’ different “areas of strength”. While many of our results are
valid for general labels and tasks, we focus on the binary labeling of images.

2 Related Work
The advantages and drawbacks of using crowdsourcing services for labeling large datasets have
been explored by various authors [2, 7, 8]. In general, it has been found that many labels are of
high quality [8], but a few sloppy annotators do low quality work [7, 12]; thus the need for efficient
algorithms for integrating the labels from many annotators [5, 12]. A related topic is that of using
paired games for obtaining annotations, which can be seen as a form of crowdsourcing [10, 11].

Methods for combining the labels from many different annotators have been studied before. Dawid
and Skene [1] presented a model for multi-valued annotations where the biases and skills of the
annotators were modeled by a confusion matrix. This model was generalized and extended to other
annotation types by Welinder and Perona [12]. Similarly, the model presented by Raykar et al. [4]
considered annotator bias in the context of training binary classifiers with noisy labels. Building
on these works, our model goes a step further in modeling each annotator as a multidimensional
classifier in an abstract feature space. We also draw inspiration from Whitehill et al. [13], who
modeled both annotator competence and image difficulty, but did not consider annotator bias. Our
model generalizes [13] by introducing a high-dimensional concept of image difficulty and combin-
ing it with a broader definition of annotator competence. Other approaches have been proposed
for non-binary annotations [9, 6, 12]. By modeling annotator competence and image difficulty as
multidimensional quantities, our approach achieves better performance on real data than previous
methods and provides a richer output space for separating groups of annotators and images.

3 The Annotation Process
An annotator, indexed by j, looks at image I

i

and assigns it a label l

ij

. Competent annotators
provide accurate and precise labels, while unskilled annotators provide inconsistent labels. There
is also the possibility of adversarial annotators assigning labels that are opposite to those assigned
by competent annotators. Annotators may have different areas of strength, or expertise, and thus
provide more reliable labels on different subsets of images. For example, when asked to label
images containing ducks some annotators may be more aware of the distinction between ducks and
geese while others may be more aware of the distinction between ducks, grebes, and cormorants
(visually similar bird species). Furthermore, different annotators may weigh errors differently; one
annotator may be intolerant of false positives, while another is more optimistic and accepts the cost
of a few false positives in order to get a higher detection rate. Lastly, the difficulty of the image
may also matter. A difficult or ambiguous image may be labeled inconsistently even by competent
annotators, while an easy image is labeled consistently even by sloppy annotators. In modeling the
annotation process, all of these factors should be considered.
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Figure 1: (a) Sample MTurk task where annotators were asked to click on images of Indigo Bunting (described
in Section 5.2). (b) The image formation process. The class variable zi models if the object (Indigo Bunting)
will be present (zi = 1) or absent (zi = 0) in the image, while a number of “nuisance factors” influence
the appearance of the image. The image is then transformed into a low-dimensional representation xi which
captures the main attributes that are considered by annotators in labeling the image. (c) Probabilistic graphical
model of the entire annotation process where image formation is summarized by the nodes zi and xi. The
observed variables, indicated by shaded circles, are the index i of the image, index j of the annotators, and
value lij of the label provided by annotator j for image i. The annotation process is repeated for all i and for
multiple j thus obtaining multiple labels per image with each annotator labeling multiple images (see Section 3).

biases, while identifying annotators’ different “areas of strength”. While many of our results are
valid for general labels and tasks, we focus on the binary labeling of images.

2 Related Work
The advantages and drawbacks of using crowdsourcing services for labeling large datasets have
been explored by various authors [2, 7, 8]. In general, it has been found that many labels are of
high quality [8], but a few sloppy annotators do low quality work [7, 12]; thus the need for efficient
algorithms for integrating the labels from many annotators [5, 12]. A related topic is that of using
paired games for obtaining annotations, which can be seen as a form of crowdsourcing [10, 11].

Methods for combining the labels from many different annotators have been studied before. Dawid
and Skene [1] presented a model for multi-valued annotations where the biases and skills of the
annotators were modeled by a confusion matrix. This model was generalized and extended to other
annotation types by Welinder and Perona [12]. Similarly, the model presented by Raykar et al. [4]
considered annotator bias in the context of training binary classifiers with noisy labels. Building
on these works, our model goes a step further in modeling each annotator as a multidimensional
classifier in an abstract feature space. We also draw inspiration from Whitehill et al. [13], who
modeled both annotator competence and image difficulty, but did not consider annotator bias. Our
model generalizes [13] by introducing a high-dimensional concept of image difficulty and combin-
ing it with a broader definition of annotator competence. Other approaches have been proposed
for non-binary annotations [9, 6, 12]. By modeling annotator competence and image difficulty as
multidimensional quantities, our approach achieves better performance on real data than previous
methods and provides a richer output space for separating groups of annotators and images.

3 The Annotation Process
An annotator, indexed by j, looks at image I
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and assigns it a label l
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. Competent annotators
provide accurate and precise labels, while unskilled annotators provide inconsistent labels. There
is also the possibility of adversarial annotators assigning labels that are opposite to those assigned
by competent annotators. Annotators may have different areas of strength, or expertise, and thus
provide more reliable labels on different subsets of images. For example, when asked to label
images containing ducks some annotators may be more aware of the distinction between ducks and
geese while others may be more aware of the distinction between ducks, grebes, and cormorants
(visually similar bird species). Furthermore, different annotators may weigh errors differently; one
annotator may be intolerant of false positives, while another is more optimistic and accepts the cost
of a few false positives in order to get a higher detection rate. Lastly, the difficulty of the image
may also matter. A difficult or ambiguous image may be labeled inconsistently even by competent
annotators, while an easy image is labeled consistently even by sloppy annotators. In modeling the
annotation process, all of these factors should be considered.
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Figure 6: Estimated image and annotator parameters on the Waterbirds dataset. The annotators were asked
to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.

was that some annotators would be able to discriminate ducks from the two other bird species, while
others would confuse ducks with geese and/or grebes.

Results from the experiment, shown in Figure 6, suggest that there are at least three different groups
of annotators, those who separate: (1) ducks from everything else, (2) ducks and grebes from every-
thing else, and (3) ducks, grebes, and geese from everything else; see numbered circles in Figure 6.
Interestingly, the first group of annotators was better at separating out Canada geese than Red-necked
grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.

6 Conclusions
We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.
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Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.

Acknowledgements

P.P. and P.W. were supported by ONR MURI Grant #N00014-06-1-0734 and EVOLUT.ONR2. S.B. was sup-
ported by NSF CAREER Grant #0448615, NSF Grant AGS-0941760, ONR MURI Grant #N00014-08-1-0638,
and a Google Research Award.

8

Tasks:	  	  

Workers:	  	  

(1)	  Assignment	  graph	  
•  (How	  to	  assign?)	  
•  How	  to	  exploit?	  

(2)	  Pre-‐crowd	  experts	  
•  How	  to	  use	  
•  AllocaBon	  tradeoffs	  

(3)	  Post-‐crowd	  experts	  
•  Which	  items	  to	  evaluate?	  

1

2

3

x

1
i

x

2
i

Figure 6: Estimated image and annotator parameters on the Waterbirds dataset. The annotators were asked
to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.

was that some annotators would be able to discriminate ducks from the two other bird species, while
others would confuse ducks with geese and/or grebes.

Results from the experiment, shown in Figure 6, suggest that there are at least three different groups
of annotators, those who separate: (1) ducks from everything else, (2) ducks and grebes from every-
thing else, and (3) ducks, grebes, and geese from everything else; see numbered circles in Figure 6.
Interestingly, the first group of annotators was better at separating out Canada geese than Red-necked
grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.

6 Conclusions
We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
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estimates of workers’ performance and their biases, also leading to bad results. A deep understand-
ing of the value of control items may provide useful guidance for crowdsourcing practitioners.

On the other hand, a line of research has studied more advanced consensus methods that are able
to simultaneously estimate the workers’ performance and items’ answers without any ground truth
on the items, by building joint statistical models of the workers and labels (e.g., Dawid and Skene,
1979, Whitehill et al., 2009, Karger et al., 2011, Liu et al., 2012, Zhou et al., 2012). The basic
idea is to score the workers by their agreement with other workers, assuming that the majority of
workers are correct. Perhaps surprisingly, the worker reliabilities estimated by these “unsupervised”
consensus methods can be almost as good as those estimated when the true labels of all the items are
known, and are much better than self-evaluated worker reliability (Romney et al., 1987, Lee et al.,
2012). Control items can also be incorporated into these methods: but how much can we expect
them to improve results, or does an “unsupervised” method suffice?

The goal of this paper is to study the value of control items, and provide practical guidance on how
many control items are enough under different scenarios. We give both theoretical and empirical
results for this problem, and provide some rules of thumbs that that are easy to use in practice.
We develop our theory on a class of Gaussian models for estimating continuous quantities, such as
forecasting probabilities and point spreads in sports games, and show how it extends to more general
models. As a byproduct, we also provide analytic results of the accuracy of different consensus
algorithms. Important practical issues such as the impact of model misspecification, systematic
biases and heteroscedasticity are also highlighted on real datasets.

2 Background

Assume there is a set T of target items, associated with a set of labels µT ∶= {µi

∶ i ∈ T } whose true
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significant effects on the estimate accuracy. This model also has nice theoretical properties and will
play an important role in our theoretical analysis. Note that the biases are not identifiable solely from
the crowdsourced labels {x

ij

}, making it is necessary to add some control items or other information
when decoding the answers.

An extension of model (1) is to introduce heteroscedasticity, allowing different workers to have
different level of Gaussian noise: that is, x

ij

= µ∗
i

+ b∗
j

+ �∗
j

⇠
ij

, where ⇠
ij

∼ N (0,1) and �
j

is a
variance parameter of worker j. We will refer to this extension as the bias-variance model, and

2

Label	  of	  item	  i	   Bias	  of	  worker	  j	  

Bias-‐variance	  Model	  (heteroskedasBc)	  

054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

estimates of workers’ performance and their biases, also leading to bad results. A deep understand-
ing of the value of control items may provide useful guidance for crowdsourcing practitioners.

On the other hand, a line of research has studied more advanced consensus methods that are able
to simultaneously estimate the workers’ performance and items’ answers without any ground truth
on the items, by building joint statistical models of the workers and labels (e.g., Dawid and Skene,
1979, Whitehill et al., 2009, Karger et al., 2011, Liu et al., 2012, Zhou et al., 2012). The basic
idea is to score the workers by their agreement with other workers, assuming that the majority of
workers are correct. Perhaps surprisingly, the worker reliabilities estimated by these “unsupervised”
consensus methods can be almost as good as those estimated when the true labels of all the items are
known, and are much better than self-evaluated worker reliability (Romney et al., 1987, Lee et al.,
2012). Control items can also be incorporated into these methods: but how much can we expect
them to improve results, or does an “unsupervised” method suffice?

The goal of this paper is to study the value of control items, and provide practical guidance on how
many control items are enough under different scenarios. We give both theoretical and empirical
results for this problem, and provide some rules of thumbs that that are easy to use in practice.
We develop our theory on a class of Gaussian models for estimating continuous quantities, such as
forecasting probabilities and point spreads in sports games, and show how it extends to more general
models. As a byproduct, we also provide analytic results of the accuracy of different consensus
algorithms. Important practical issues such as the impact of model misspecification, systematic
biases and heteroscedasticity are also highlighted on real datasets.

2 Background

Assume there is a set T of target items, associated with a set of labels µT ∶= {µi

∶ i ∈ T } whose true
values µ∗T we want to estimate. In addition, we have a set C of control (or training) items whose true
labels µ∗C ∶= {µ∗i ∶ i ∈ C} are known. We denote the set of workers byW ; each worker j is associated
with a parameter ⌫∗

j

that characterizes their expertise, bias, any other relevant features. We denote
the complete vector of worker parameters by ⌫ ∶= {⌫∗

j

∶ j ∈ W}. Both µ and ⌫ are assumed to be
continuous variables in this paper. Denote by n

t

the number of target items and m the workers.

Let @
i

be the set of workers assigned to item i, and @t

j

(and @c

j

) the set of target (and control) items
labeled by worker j. The assignment relationship between the workers and the target items can
be represented by a bipartite graph G

t

= (T ,W ,E
t

), where there is an edge (ij) ∈ E
t

iff item i is
assigned to worker j. Let r

i

be the number of workers assigned to the i-th target item, and let `t
j

(and `c
j

) be the number of target (and control) items assigned to the j-th worker. Note that {r
i

} and{`t
j

} are the two degree sequences of the bipartite graph G
t

.

Denote by x
ij

the label we collect from worker j for item i. In general, we can assume that x
ij

is a
random variable drawn from a probabilistic distribution p(x

ij

�µ∗
i

, ⌫∗
j

). The computational question
is then to construct an estimator µ̂T of the true labels µ∗T based on the crowdsourced labels {x

ij

},
such that the expected mean square error (MSE) on the target items, E���µ̂T − µ∗T ��2�, is minimized.

Gaussian Model. We focus on a class of simple Gaussian models on the labels x
ij

:

x
ij

= µ∗
i

+ b∗
j

+ ⇠
ij

, ⇠
ij

∼N (0,�∗2), (1)

where µ∗
i

is the quantity of interest of item i, b∗
j

is the bias of worker j, and �∗2 is the variance.
For some quantities, like probabilities and prices, proper transforms should be applied before using
such Gaussian models. Model (1) is equivalent to the two-way fixed effects model in statistics (e.g.,
Chamberlain, 1982). It captures heterogeneous biases across workers that are commonly observed
in practice, for example in workers’ judgments on probabilities and prices, and which can have
significant effects on the estimate accuracy. This model also has nice theoretical properties and will
play an important role in our theoretical analysis. Note that the biases are not identifiable solely from
the crowdsourced labels {x

ij

}, making it is necessary to add some control items or other information
when decoding the answers.

An extension of model (1) is to introduce heteroscedasticity, allowing different workers to have
different level of Gaussian noise: that is, x

ij

= µ∗
i

+ b∗
j

+ �∗
j

⇠
ij

, where ⇠
ij

∼ N (0,1) and �
j

is a
variance parameter of worker j. We will refer to this extension as the bias-variance model, and

2

⇠ij ⇠ N (0,�⇤2
j )

Label	  of	  item	  i	   Bias	  of	  worker	  j	   Variance	  of	  worker	  j	  

Variance-‐only	  Model	  (zero	  bias)	  

xij = µ

⇤
i + ⇠ij , ⇠ij ⇠ N (0,�⇤2

j )

Some	  simple	  models	  

Bias-‐only	  Model	  

[Liu,	  Steyvers,	  Ihler;	  NIPS	  2013]	  



Scoring	  workers	  :	  	  

PredicBng	  target	  items:	  	  

⌫̂j = argmax

⌫j

X

i2@j

log p(xij |µ⇤
i , ⌫j)

µ̂i = argmax

µi

X

j2@i

log p(xij |µi, ⌫̂j)
	  	  	  workers	  

Control	  quesBons	   Target	  quesBons	  

µ̂i

⌫̂j

µ⇤
i

EsBmaBon	  methods	  
Two-‐stage	  esBmaBon:	  

Control	  quesBons	   Target	  quesBons	  

	  	  workers	  

µ̂i

⌫̂j

µ⇤
i

Joint	  likelihood	  

[µ, ⌫] = argmax

{µ,⌫ : µC=µ⇤
C}

X

i,j

log p(xij |µi, ⌫j)

C : control questions

Joint	  esBmaBon:	  

	  	  	  workers	  

Control	  
quesBons	  

Target	  
quesBons	  

`� kk

r

nt



EsBmaBon	  methods	  
Two-‐stage	  esBmaBon:	  

k⇤ ⇡ [
p

a`+ a2 � a] ⇡
p
a`

Bias-‐only:	  	  a=1	  

	  	  	  workers	  

Control	  
quesBons	  

Target	  
quesBons	  

`� kk

r

nt

	  	  	  workers	  

Control	  quesBons	   Target	  quesBons	  

µ̂i

⌫̂j

µ⇤
i

Control	  quesBons	   Target	  quesBons	  

	  	  workers	  

µ̂i

⌫̂j

µ⇤
i

Joint	  esBmaBon:	  

If `  nt, then `/
p
nt 

p
`

Fewer	  control	  quesBons	  than	  2-‐stage:	  

k⇤ ⇡
p
a` = `/

p
nt

(Bias	  only,	  regular,	  random	  biparBte	  graph…)	  

b 



Point	  Spreads	  of	  NFL	  Games	  	  

10 20 30 400

2

4

6

Budget ℓ

O
p
ti
m
a
l
k

Two-‐stage	  esBmator:	  	  k⇤ =
p
`

k⇤ = `/
p
ntJoint	  esBmator:	  	  

•  245	  NFL	  games,	  386	  workers	  (Massey	  et	  al.	  11)	  	  
•  Random	  subsample,	  varying	   `

Bias-‐only	  model:	  	  



Guessing	  product	  prices	  
80	  household	  items	  
155	  UC	  Irvine	  students	  

378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

0 20 40 60 80 1000

5

10

15

20

Budget ℓ

O
p
ti
m
a
l
k   

Joint (empirical)

Joint (ℓ
!

3/nt)

Two-stage (empirical)

Two-stage (
√
3ℓ)

0 20 40 60 80 1000

10

20

30

40

50

Budget ℓ

O
p
ti
m
a
l
k

  
Joint (empirical)

Two-stage (empirical)

Two-stage (
√
2ℓ)

2 3 5 8 13 22 36 60 100

0.5

1

1.5

ℓ = 40
ℓ = 60

ℓ = 80
ℓ = 100

k (# of control items)

M
S
E
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Figure 2: (a) Results of the bias-variance model on data simulated from the same model. (b)-(c)
Results when the data are simulated from the bias-variance model with non-zero biases, but we use
the variance-only model (with zero bias) in the consensus algorithm. With this model misspecifi-
cation, the joint estimator requires significantly more control items than one would expect (almost
half of the budget `), and performs worse than the two-stage estimator.
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Figure 3: Results on the real datasets when using the bias-only model. (a)-(b) and (d)-(e) The
MSE when using the two-stage and joint estimators, respectively. (c) and (f) The empirically and
theoretically optimal k as the budget ` varies. Here we fix n

t

= 50 for price dataset and n
t

= 200 for
NFL dataset.
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Figure 4: Comparison of different models and consensus methods on the two real datasets. (a)-(b)
The MSE when selecting the best possible k as the budget ` varies. The workers in the price dataset
has systematic bias, and the bias-only model works better than the variance-only model, while the
workers in NFL dataset have no bias but different individual variances, and the variance-only model
is better than bias-only. In both datasets, the full bias-variance model works best if the budget ` is
large, but is not necessarily best if the budget is small when over-fitting is an issue.
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Figure 6: Estimated image and annotator parameters on the Waterbirds dataset. The annotators were asked
to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.

was that some annotators would be able to discriminate ducks from the two other bird species, while
others would confuse ducks with geese and/or grebes.

Results from the experiment, shown in Figure 6, suggest that there are at least three different groups
of annotators, those who separate: (1) ducks from everything else, (2) ducks and grebes from every-
thing else, and (3) ducks, grebes, and geese from everything else; see numbered circles in Figure 6.
Interestingly, the first group of annotators was better at separating out Canada geese than Red-necked
grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.

6 Conclusions
We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.
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to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
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We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.
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to select images containing at least one “duck”. The estimated xi parameters for each image are marked with
symbols that are specific to the class the image belongs to. The arrows show the xi coordinates of some example
images. The gray lines are the decision planes of the annotators. The darkness of the lines is an indicator of
kwjk: darker gray means the model estimated the annotator to be more competent. Notice how the annotators’
decision planes fall roughly into three clusters, marked by the blue circles and discussed in Section 5.2.

was that some annotators would be able to discriminate ducks from the two other bird species, while
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grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
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annotators that did not provide answers consistent with any other annotators. This is a common
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was that some annotators would be able to discriminate ducks from the two other bird species, while
others would confuse ducks with geese and/or grebes.

Results from the experiment, shown in Figure 6, suggest that there are at least three different groups
of annotators, those who separate: (1) ducks from everything else, (2) ducks and grebes from every-
thing else, and (3) ducks, grebes, and geese from everything else; see numbered circles in Figure 6.
Interestingly, the first group of annotators was better at separating out Canada geese than Red-necked
grebes. This may be because Canada geese are quite distinctive with their long, black necks, while
the grebes have shorter necks and look more duck-like in most poses. There were also a few outlier
annotators that did not provide answers consistent with any other annotators. This is a common
phenomenon on MTurk, where a small percentage of the annotators will provide bad quality labels
in the hope of still getting paid [7]. We also compared the labels predicted by the different models
to the ground truth. Majority voting performed at 68.3% correct labels, GLAD at 60.4%, and our
model performed at 75.4%.

6 Conclusions
We have proposed a Bayesian generative probabilistic model for the annotation process. Given
only binary labels of images from many different annotators, it is possible to infer not only the
underlying class (or value) of the image, but also parameters such as image difficulty and annota-
tor competence and bias. Furthermore, the model represents both the images and the annotators
as multidimensional entities, with different high level attributes and strengths respectively. Experi-
ments with images annotated by MTurk workers show that indeed different annotators have variable
competence level and widely different biases, and that the annotators’ classification criterion is best
modeled in multidimensional space. Ultimately, our model can accurately estimate the ground truth
labels by integrating the labels provided by several annotators with different skills, and it does so
better than the current state of the art methods.

Besides estimating ground truth classes from binary labels, our model provides information that is
valuable for defining loss functions and for training classifiers. For example, the image parame-
ters estimated by our model could be taken into account for weighing different training examples,
or, more generally, it could be used for a softer definition of ground truth. Furthermore, our find-
ings suggest that annotators fall into different groups depending on their expertise and on how they
perceive the task. This could be used to select annotators that are experts on certain tasks and to
discover different schools of thought on how to carry out a given task.
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