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Abstract

Crowdsourcing has emerged in the past decade as a pop-
ular model for online distributed problem solving and
production. The creation of Amazon Mechanical Turk
(MTurk) as a “micro-task” marketplace has facilitated
this growth by connecting willing workers with available
tasks. Within computer vision, MTurk has proven espe-
cially useful in large-scale image label collection, as many
computer vision algorithms require substantial amounts
of training data. In this survey, we discuss different types
of worker incentives, various considerations for MTurk
task design, methods for annotation quality analysis, and
cost-effective ways of obtaining labels in a selective man-
ner. We present several examples of how MTurk is being
utilized in the computer vision community. Finally, we
discuss the implications that MTurk usage will have on
future computer vision research.

1 Introduction

The term crowdsourcing, coined in 2006 [14], refers to
the business model in which jobs are outsourced to “an
undefined, generally large group of people in the form of
an open call” [15]. One example of crowdsourcing is dis-
tributed large-scale human-based computation, which in-
volves outsourcing various steps in a computational pro-
cess to humans [47].

In this survey, we examine in depth Amazon Mechan-
ical Turk ', a popular crowdsourcing platform that is in-
tended for tasks that benefit from human intelligence. Us-
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ing an API, requesters post tasks called human intelli-
gence tasks (HITs) to MTurk. Workers, also known as
“Turkers,” can then find available HITs by searching the
marketplace and selecting the ones they want to complete
for a nominal payment, typically on the order of cents. If
multiple responses to a certain HIT are needed, for ex-
ample for majority voting or consensus, one can spec-
ify the number of assignments per HIT, or the total num-
ber of unique workers who can complete a specific HIT.
At a recent count, these MTurk workers numbered over
200, 000, representing 185 countries [12].

MTurk has become very popular within the computer
vision community [34] as a venue for completing image
labeling tasks; it can be a practical solution for obtaining
large quantities of annotations, since many different types
of computer vision algorithms, such as object detection,
tracking, and recognition, require substantial amounts of
labeled training data. As a result, several predominant ar-
eas of research in crowdsourcing that pertain to computer
vision have emerged. Our goal in this work is to examine
crowdsourcing strategies for computer vision applications
as they would relate to a researcher/requester. From a re-
quester point of view, there are a number of questions to
consider in MTurk task creation:

e What motivates workers to complete tasks? One
needs to attract a willing and available labor pool in
order to get tasks completed in a timely manner.

e What is the best way to design a task? Given
a task, it is necessary to consider what design pat-
terns or workflow will enable successful and efficient
completion of the task by Turkers.
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2 TASK INCENTIVES

e What is the best way to ensure high quality re-
sults? As a requester, one wishes to ensure that re-
sults are of high quality. Managing quality for simple
tasks is relatively straightforward, but for complex
tasks, we need to account for variables such as task
difficulty, worker expertise, and worker bias.

e How can one use crowdsourcing in a cost effective
manner? While crowdsourcing is relatively inex-
pensive, it is not free. We wish to minimize crowd-
sourcing costs while maintaining sufficiently high
quality in results. For example, certain types of im-
age annotations are more useful than others in train-
ing a classifier. Atthe same time, certain images may
be more difficult for humans to label with particular
annotations (e.g. providing a segmentation for im-
ages with cluttered backgrounds).

These concerns and the domains that encompass them
are all intertwined with one another: worker incentives
can play arole in task design, which influences the quality
of results and deployment costs, while quality and cost are
also inherently correlated.

In this survey, we focus on how the payment-based
model of MTurk has affected the landscape of crowd-
sourcing in the context of computer vision applications,
and we examine different strategies for addressing the
aforementioned questions. This is not intended to be a
comprehensive summary of current research directions
in crowdsourcing; we highlight some recent advances in
the field and discuss implications for future computer vi-
sion research. For instance, we do not cover MTurk
marketplace demographics, human computation game de-
sign, cognitive aspects of crowdsourcing, or crowdsourc-
ing marketplaces other than MTurk.

We begin by discussing in Section 2 factors that moti-
vate workers to perform tasks. In Section 3, we study the
role experimental design has in MTurk task completion.
In Section 4, we examine different models for the human
annotation process. We consider various methods for ob-
taining labels selectively and cost efficiently in Section 5.
In Section 6, we present examples of crowdsourcing as it
has been applied to tasks in computer vision, and finally,
in Section 7, we discuss and evaluate the utility and effec-
tiveness of crowdsourcing.

2 Task Incentives

The incentives that motivate workers to complete tasks
play a significant role in the successful implementation of
crowdsourcing, as it is necessary to attract an appropriate
and willing labor pool. We briefly present several meth-
ods for incentivizing tasks and corresponding examples
found in computer vision.

2.1 Entertainment

One approach incentivizes labeling tasks by presenting
them as games; users are motivated by personal en-
joyment or social reward. For example, some of the
Games With A Purpose (GWAPs) [37] encapsulate var-
ious modalities of image annotation (free text, object cat-
egory label, segmentation, etc.) [37, 40, 38, 39]. In these
cases, humans perform labeling tasks for free.

2.2 Altruism

Another incentive arises from altruism, in which users
are motivated by the idea that they can contribute to the
“greater good.” One example is LabelMe [30], an im-
age database populated with annotations collected with a
web-based tool; labels are provided on a volunteer basis.

Altruistic incentives are particularly evident in the sci-
entific community in the form of citizen science, in which
people are collaborators who are “proactively involved in
the process of science by participating,” versus just being
“a member of the crowd” [48]. A notable goal of citizen
science is to promote public understanding of science, and
thus there usually is an educational component to these
citizen science endeavors. Examples include GalaxyZoo >
and the Valley of the Khans ? project, in which volunteers
perform image labeling tasks.

Another means of engaging workers is to appeal to their
self-interested curiosity, in addition to any altruistic moti-
vations. For example, one could provide a service in the
form of an interactive field guide [3, 28]. Users who wish
to identify unknown objects (e.g. bird species, Manhat-
tan buildings, plant species, etc.) can submit a query by
uploading an image. The computer attempts to identify
the object by using machine vision algorithms and “hints”
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provided by humans in the form of responses to questions
about the object.

When users engage in this interactive process, they
assist in improving the system by contributing images
and corresponding labels, while additionally gaining new
knowledge when objects are correctly categorized; in this
way, the users serve as citizen scientists. Therefore, this
interactive approach is mutually beneficial to both hu-
mans and machine vision algorithms. We further discuss
an example of an interactive field guide in Section 6.2.

2.3 Financial Reward

An alternate solution to these volunteer efforts is to re-
place the internal motivation of humans with monetary
payment, as with the MTurk paradigm; numerous exam-
ples are studied in Section 6. Of particular interest is the
relationship between the financial incentives of crowd-
sourcing and worker performance: does increasing the
rate of compensation for a given task lead to better re-
sults? Mason and Watts [23] discovered that higher pay
increases work quantity but has no significant effect on
quality. The increased pay rate makes the HIT more ap-
pealing to Turkers and thus they complete more HITs.

Mason and Watts [23] also investigated the payment
perceptions of MTurk workers and observed that Turkers
consistently valued their own work above the current pay
rate. Furthermore, in comparing performance with pay-
ment versus no payment at all, they observed little impact
on accuracy; workers perceive the value of work as being
correlated with the actual pay rate.

2.4 Discussion

Incentives can influence elements of task design, includ-
ing choices in user interface and visual appearance. Gen-
erally, tasks are designed with multiple incentives to at-
tract workers. Certain citizen science projects are formu-
lated as involved, immersive games, as it is necessary to
maintain worker interest while training them to perform
more complex tasks such as protein folding [5]. In train-
ing workers to perform tasks, one also enables users to
gain new skills or knowledge.

In addition, we note that financial incentives have lit-
tle effect on work quality, and increasing monetary re-
wards is only effective when one requires data to be la-

beled quickly. This is further demonstrated by Horton
and Chilton [13] in their estimate of MTurk reservation
wages. In labor economics this term refers to the min-
imum wage rate at which a worker would be willing to
accept a job, controlling for work type and work condi-
tions; for MTurk workers, the median reservation wage is
calculated to be $1.38/hour. In comparison, Ipeirotis [19]
has estimated the median hourly wage for MTurk tasks to
be $4.80/hour, based on observations of HIT arrival and
completion rates.

3 Experimental Design

In order to obtain the best results from workers, it is im-
portant to determine the optimal design of the task in
question. The MTurk platform allows requesters to spec-
ify HIT settings, worker qualifications, and HIT layout
design [4]. We discuss in Section 3.1 the different di-
mensions of HIT design, and in Section 3.2 we explore in
more depth various HIT workflow strategies.

3.1 Task Parameter Selection

One dimension of experimental design encompasses the
specification of HIT parameters, without modifying the
HIT layout. For any given HIT, a requester can specify:
the maximum time a worker is allotted to complete the
HIT; the length of time the HIT is available on the mar-
ketplace; the amount of reward; and the number of assign-
ments per HIT. A requester can also set required qualifi-
cations for workers, in order to restrict the HIT availabil-
ity. These can include geographic constraints, a minimum
approval rating (percentage of completed HITs in which
the worker’s responses were approved by requesters), or
the successful completion of qualification tests that can be
used to “train” workers to perform certain tasks [4].

In addition to specifying the amount of reward per HIT,
arequester can use basic compensation strategies, encour-
aging good results by giving bonuses or penalizing bad
work by rejecting the worker’s submission. This requires
attentive moderation of worker quality, done manually or
automatically (see Section 4).

Designing the task interface requires taking into ac-
count the ergonomics of the HIT; the visual appearance
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should enable Turkers to quickly understand and com-
plete the requested task. For a simple image labeling
task, one can present a gallery of images that allows work-
ers to select and label multiple images at once; for more
complex labeling tasks, images can be displayed one at
a time. Additionally, it is advantageous to adopt a de-
fensive approach to task interface design, such that accu-
rate task completion requires as much effort as adversarial
responses [21]. Commonly, these ergonomics are deter-
mined empirically and are tailored for the task at hand.

Huang et al. [16] advocate a design approach that in-
volves learning a task-specific model of the effect of de-
sign on the work output quality. These models are then
used to generate good task designs, which can be evalu-
ated based on: (1) the amount of work completed within
a certain time frame, and (2) the trade off between work
completed per dollar spent and the rate of work. By learn-
ing what parameters are optimal for a particular task, we
can effectively distribute the work across subtasks that can
be performed in parallel (e.g. divide up a multi-image la-
beling HIT into multiple single-image HITs).

3.2 Human Computation Process Design

A more complex dimension of HIT design is the paradigm
in which humans are added to a human computation pro-
cess, enabling different problems to be solved in novel
ways. Human computation processes are still not very
well understood; by breaking down these processes into
discrete components, we can potentially make the pro-
cesses more efficient and apply them to a wider range of
problems. We discuss two notable design patterns that
have been proposed for executing tasks on MTurk.

3.2.1 Iterative versus Parallel Processes

Little et al. [22] describe how human computation pro-
cesses can be broken down into two types: creation and
decision tasks. Creation tasks solicit the user for new
content, in the form of descriptions, ideas, solutions, etc.
The goal is to generate new content of high quality, and
usually there are fewer constraints on user input. On the
other hand, decision tasks solicit the user for an opinion
about existing content (for example, comparison or rat-
ing tasks), where the objective is to obtain an accurate
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Figure 1: Little et al. [22] observed the effect of parallel
and iterative human computation processes on response
quality. In a transcription task, Turkers were able to rec-
ognize all but one of the words in this dithered sentence:
“Killer whales are beautiful animals. I remember seeing
these huge, smooth, black and white creatures jumping
high into the air at Sea World, as a kid” (source: [22]).

response. Decision tasks may ask for multiple responses
and use the aggregate or average.

Creation and decision tasks can be combined into a se-
quence of tasks to form an iterative or parallel process. An
iterative process consists of a sequence of creation tasks;
if it is not easy to merge the results of multiple creation
tasks, one can add a comparison task in between creation
tasks in order to keep track of the best result so far. This
process allows workers to vote on and iteratively improve
on work done by other workers. A parallel process con-
sists of a series of creation tasks, performed in parallel;
the best result is found using a sequence of comparison
tasks.

Little et al. compared these processes for different
problem domains, including transcription (of dithered
text; see Figure 1) and writing (image descriptions). Tran-
scription problems have determinate answers, whereas
writing tasks are open-ended and must be judged subjec-
tively. For the iterative implementations of these tasks,
workers were able to see previous workers’ proposed tran-
scriptions or descriptions. In order to determine quality,
results were compared to the ground-truth text in the tran-
scription task and were rated by other Turkers in the de-
scription task.

In applying iterative processes, Little et al. [22] ob-
served increased average quality in results over parallel
processes but also lower variance. This suggests that
showing Turkers previous work in some cases can nega-
tively affect quality by leading them down the wrong path.
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Figure 2: Bernstein et al. [1] proposed the Find-Fix-
Verify design pattern for deploying tasks on MTurk. An
example of a proofreading task is shown (source: [1]).

3.2.2 Find-Fix-Verify Pattern

Building upon this work, Bernstein et al. [1] proposed the
Find-Fix-Verify pattern as a design paradigm intended for
open-ended tasks. Among Turkers there is a high variance
in the amount of effort they invest in a given task, and ad-
ditionally, they may introduce errors when working on a
complex task; Bernstein et al. estimate that 30% of results
for open-ended tasks are of poor quality. Find-Fix-Verify
(Figure 2) enables workers to make clear contributions re-
gardless of their reliability.

The first stage of this pattern, Find, asks Turkers to find
portions of the original work that require attention; for ex-
ample, in a proofreading task, Turkers are asked to iden-
tify passages that need editing. Aggregation of these mul-
tiple independent results then allows us to identify consis-
tent problems. The consistently flagged patches are fed in
parallel to the Fix stage.

The Fix stage has Turkers revise the identified portions.
Each task is restricted to a certain area of interest; for in-
stance, the worker can see the entire paragraph in a proof-
reading task but is only allowed to edit the text in the iden-

tified patch. For each patch, a small number of Turkers
propose revisions; this is sufficient to generate viable sug-
gestions.

Finally, during the Verify stage, additional workers vote
on the suggested revisions from the previous stage. De-
pending on the task, they can vote on the best option or
flag poor suggestions. Turkers from the Fix stage are ex-
cluded from working on tasks from this stage, to prevent
them from voting on their own work.

The advantage of dividing up a task in this manner al-
lows one to take advantage of different labeler reliabili-
ties. For example, certain “lazy” Turkers may be not be
thorough in their work, and in the isolated Fix stage one
can request they make revisions to specific portions that
they may have otherwise ignored, had the Find and Fix
stages been combined. This separation of the Find and
Fix stages enables parallel merging of edits, and the Ver-
ify stage reduces noise in responses. In this way one has
more precise control over the amount of worker contribu-
tion.

3.3 Discussion

These patterns are fairly basic and as building blocks for
HIT design are able to represent a range of different tasks.
The implementation of these building blocks is an open
problem; for example, a decision task can be achieved us-
ing relative rankings, pair-wise comparisons, or absolute
rankings. Moreover, for more complex tasks, other build-
ing blocks and patterns may be needed.

The Find-Fix-Verify pattern is a promising general-
izable approach for completing a variety of open-ended
tasks. It does not train previous workers but rather re-
cruits workers on demand to perform personalized tasks
and thus has the capability of operating in real-time. How-
ever, the process can be slowed down due to lag time in
workers accepting and completing the posted tasks.

In addition, cost becomes a more conspicuous factor
in processes such as Find-Fix-Verify that select one best
solution from multiple responses. Much work gets dis-
carded in these voting or comparison tasks, and it remains
to be seen whether productivity gains from these design
processes are worth the trade off in expense.

One disadvantage of breaking tasks down into smaller
blocks is that they are removed from their original context
[10]. This did not appear to influence results for word pro-
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cessing tasks [ 1], which usually can be isolated to phrases
or sentences, but may be of more relevance for visually
oriented tasks that require making decisions or modifica-
tions at a holistic level, e.g. visual page layout.

Overall as Little et al. [22] noted, a collective approach
to problem solving that makes use of different HIT build-
ing blocks can be very beneficial, as good solutions are
shared among workers. In this way, iterative processes
appear to offer some performance advantages over par-
allel processes. However, workers can also prematurely
converge on suboptimal solutions, resulting in less vari-
ability in responses, which may be undesirable for tasks
that involve collecting as many unique, high quality labels
as possible, such as image tagging.

4 Quality Management

In order to make use of results obtained through MTurk,
one must be able to guarantee a certain degree of accu-
racy, especially when there is noise in user responses and
the ground truth is unknown. This involves identifying
good annotations and throwing out bad ones, a task that
quickly becomes challenging to manage when working
with hundreds of thousands of labels. In this section, we
discuss various forms of quality management for MTurk
tasks. There are several heuristic strategies for reviewing
MTurk results that are discussed in Section 4.1. We also
review more sophisticated approaches that aim to model
the annotation process in a Bayesian framework.

4.1 Heuristics

Using heuristics for MTurk quality management is a sim-
ple way to significantly improve results. These include
tracking Turker answer histories to identify trusted indi-
viduals who consistently provide high-quality responses.
These expert workers can then be asked to complete tasks
or review the results of other workers [4].

When experts are not identified in the labor pool, other
approaches are applicable, such as forced agreement (e.g.
the ESP Game [37]); using control questions in which the
answers are already known and are treated as the “gold
standard” [32]; and checking responses from multiple
Turkers against one another. One example of the latter is
averaging multiple naive labels provided by non-experts,

a technique that yields quality comparable to a few expert
annotations [33].

Using this type of majority vote heuristic is relatively
easy to implement but requires a large number of labels,
which are individually cheap but can accumulate in cost
very quickly. Sheng et al. [31] investigated when it was
worthwhile to request repeated labels for training exam-
ples and demonstrated improved quality in results when
selectively acquiring multiple labels.

4.2 Modeling the Human Annotation Pro-
cess

For more complex tasks, quality management becomes
more involved and we require more effective methods.
Much work has focused on developing models [33, 16, 20,

] that represent certain aspects of the image formation
and human annotation process, including: worker exper-
tise, worker bias, worker strengths, label value, and task
difficulty.

Dawid and Skene [6] used full confusion matrices for
each labeler to account for labeler ability and bias. They
estimated the ground truth from multiple noisy multi-
valued labels but did not account for image difficulty.
Welinder and Perona [45] extended this model to other
types of annotation, estimating annotator reliabilities and
deciding the number of labels to request (and from which
Turkers) in an online fashion.

Whitehill et al. [46] proposed a probabilistic model of
the labeling process that simultaneously estimates the true
label, item difficulty, and labeler expertise in an unsuper-
vised manner. Using their GLAD algorithm, they demon-
strated robustness to noisy and adversarial labelers as well
as higher accuracy in inferring labels than a majority vote
heuristic. However, their model does not consider anno-
tator bias.

The method introduced by Welinder et al. [43] gener-
alizes the GLAD algorithm by modeling annotator com-
petence in broader terms. In the following sections, we
examine their proposed model for image formation and
the human annotation process, focusing on the binary im-
age labeling case.
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4.3 Problem Definition

The Welinder model [43] aims to capture various aspects
of annotators and the labeling process. These aspects in-
clude:

e Competency - Accuracy and precision in labeling

e Expertise - Certain annotators may provide more re-
liable labels on different subsets of images, based on
their areas of strength

e Bias - How one weighs errors varies annotator to
annotator; for example, an optimistic annotator will
accept some false positives and maintain an higher
overall detection rate

e Difficulty - A difficult and/or ambiguous image may
be challenging for annotators to label consistently

We now describe how the model represents these di-
mensions. In the annotation process, N images are pro-
duced. A variable z; encapsulates the objects that are
produced in image I;. In the binary case, for example,
z; € {1,0} can represent the presence/absence of a spe-
cific species of bird. Each image undergoes a visual trans-
formation in a stochastic process that converts pixels into
a vector z;. This can be thought of as a vector of visual
attributes (e.g. belly color, beak shape, head pattern, etc.)
that represents factors an annotator can take into account
in deciding a label.

Labeling is modeled in a signal detection framework.
Out of M total annotators, a subset of annotators 7; la-
bels image I;. An annotator j € J; who labels I; has
access to a noisy signal y;; = x; + n;;, where n;; rep-
resents annotator-specific/image-specific differences such
as visual acuity, attention, etc. and is parameterized by
o;. Competent annotators will exhibit lower variance in
noise 7.

The vector y;; encodes the major components influenc-
ing an annotator’s judgment in an annotation task. The
unit vector w; parametrizes an individual annotator, mod-
eling his or her weighting on these components and rep-
resenting annotator training or expertise. In a binary an-
notation task, an annotator assigns label [;; = 1 if the
scalar projection (y;;, ;) is above a threshold 7;, other-
WiSC, ll i = 0.

4.4 Model and Inference

The assumptions discussed in the previous section are
combined to form a generative Bayesian model [43]. We
proceed to discuss additional assumptions on the proba-
bility distributions that simplify inference.

We assume that the image representation x; is gen-
erated by a Gaussian mixture model and normally dis-
tributed with variance 6,; z; specifies the component in
the mixture model and is assumed to have Bernoulli prior
distribution where p(z; = 1) = 5. In the binary annota-
tion case, z;,l;; € {0,1}. Annotators are assumed to as-
sign label /;; according to a linear classifier, parametrized
by a direction ; of a decision plane and a bias 7;; these
are reparametrized as w; = w;/o; and 7; = 7;/0; to
remove the constraint on w; being a direction.

The simplified joint probability distribution can be
written as follows:

M
p(L,z,w, ) = [ plri17)p(w;|a)x M
=1

J

N
I [ pil6-, 8) D psslwi,wi,m) |
=1

jeTi

where £ denotes the set of labels £ = {l;;}, which com-
prises the only observed variables in this model. Since
we are using prior distributions, we can apply MAP es-
timation and find optimal parameters by maximizing the
posterior:

(@)

(", w*, 7") = arg max p(z, w, 7|L)

W, T
= arg max m(x,w, 7).
T, w,T
where m(z,w,7) = logp(L, z,w, 7). To perform infer-
ence, we optimize m(z, w, 7), which is done with gradi-
ent ascent.

4.5 Worker “Schools of Thought”

Welinder et al. [43] are able to identify annotators based
on the different attributes, represented by z;, that they
look for in images. We consider an example task to la-
bel presence in an image of a certain bird species, e.g. a
duck, with value 1. Images may contain: (1) no birds, (2)
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Figure 3: We observe the estimated x; parameters for each image in a Waterbirds dataset, marked with symbols
designating image class. The arrows point out x; coordinates for certain example images. (source: [43]).

ducks, or (3) similar species to ducks such as grebes and
geese (see Figure 3).

Results suggest that annotators use attributes in the im-
age differently. Differing groups of annotators are able to
separate: (1) ducks from all other images; (2) ducks and
grebes from all other images; and (3) ducks, grebes, and
geese from all other images (see corresponding circled
numbers in Figure 3). Some annotators are more aware
of the distinction between ducks and geese, while other
annotators can differentiate between ducks and grebes,
the latter of which have shorter necks and tend to look
more duck-like than geese. The proposed model is able
to distinguish between annotators with varying image fea-
ture/attribute preferences; in essence, it identifies different
“schools of thought” among annotators.

4.6 Discussion

The Welinder model [43] captures the multidimensional-
ity of annotators and the annotation process, and demon-
strates promising results on various binary image labeling
tasks. It is yet to be seen how well the model can be ex-
tended for more complex tasks with continuous annota-
tions (e.g. segmentations or bounding boxes), as there
may be additional underlying variables—for example in
capturing human behavior or judgment—that have not been
adequately taken into account.

Overall, different kinds of tasks may require different

usages or combinations of reviewing strategies [4]. For
example, using a combination of gold standard questions
and a majority vote may provide sufficiently good results
with minimal effort for binary decision tasks; with some
additional effort, one can obtain improved results by ap-
plying the Welinder model. Neither of these approaches,
however, would be applicable to open-ended tasks. De-
termining the optimal quality management strategy for a
given task is an open problem.

It is important to note that predicting worker perfor-
mance and label quality goes hand in hand with reduc-
ing the total number of labels and thus overall labeling
cost. The more accurately one can estimate how diffi-
cult a task is or how well an annotator has labeled an im-
age, the more confidently one can determine the number
of additional labels needed, rather than blindly requesting
a uniform maximum number of labels. Further discussion
of approaches that address active label selection for com-
puter vision applications is reserved for Section 5.

S5 Cost Effective Strategies for Ob-
taining Labels

Obtaining large quantities of accurately labeled images on
MTurk is generally a costly endeavor. One option is to
select the most accurate and reliable Turkers to provide
annotations [45, 42]. Alternatively, one can determine in
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an online manner the number of assignments to request
for a certain image, based on the current set of labels and
the corresponding annotators [45].

If the goal is not only to obtain labeled data efficiently
but also to learn a classifier from the data, then the prob-
lem falls in the domain of active learning. Traditional ac-
tive learning approaches aim to minimize the number of
labeled examples needed for learning; however, in a re-
alistic image labeling context, there are multiple object
labels per image and multiple types of annotation that can
be obtained. The objective is now to request the most
promising annotations and use those to update the cur-
rent classifier. This involves trading off between the in-
formativeness of a particular label and the manual effort
required to obtain it.

Vijayanarasimhan and Grauman [35] note that the op-
timal use of manual effort may involve labels at different
granularity levels. We discuss below how they formulate
the problem in a multiple instance learning setting and are
able to predict both cost and informativeness of different
annotations. The proposed active learner is able to choose
what image to label as well as what type of annotation to
request: complete image segmentation, single object seg-
mentation, or image-level category label.

5.1 Problem Definition

First, we discuss how the problem is posed in a multi-
ple instance multi-label (MIML) framework. In standard
multiple instance learning [8], a learner is given bags of
instances. A positive bag contains at least one positive
example, while none of the members of a negative bag
are positive. In the MIML setting [35], each instance in
a bag can be associated with one of C' class labels, so a
bag can be associated with multiple labels. We denote
L ={1,...,C} as the set of all possible class labels.

We define {(X1,L1), (X2, La),...,(Xn,Ln)} as a
set of training bags and their associated labels. Each bag
contains a set of instances X; = {x%,z%,...,z } and a
set of labels L; = {l{,14,...,1%, }; n; denotes the num-
ber of instances in X; and m; is the number of labels in
L;. Usually, a bag has fewer unique labels than instances:
m; < n;. In the visual categorization setting, an image
represents a bag and instances are oversegmented regions,
found automatically with a segmentation algorithm (Fig-
ure 4). An instance label names the object in a region,

which is described by a feature vector.

The multi-class problem is decomposed into many bi-
nary problems, similar to one-vs-one classification. For
each binary problem, an SVM is trained to discriminate
bags containing label /; from those containing [;, Vi, j. A
multi-label set kernel [35] is used to weigh the feature
vectors of instances within the bag, based on the estimated
probability that the instance belongs to the class.

5.2 Prediction of Cost

Because images can be associated with multiple labels—
class labels, object boundary segmentation, region/part
labels, etc.—an active learning method must evaluate the
value of an annotation for an image that can contain any
number of unknown categories. These annotations require
varying amounts of effort (and time) to obtain; for exam-
ple, completely segmenting an image and labeling all the
regions is a much more costly task to perform than pro-
viding a label for object presence.

Our goal is to accurately predict annotation time based
solely on image content. This is done with supervised
learning in order to estimate how difficult it is to seg-
ment an image. Training data is collected on MTurk, and
workers are paid to segment images and name objects in
segmented regions. The label for a training image is the
average time taken by Turkers to complete a full annota-
tion (Figure 4(d)). An SVM is then trained to predict the
amount of manual effort required to annotate a particular
image. This is used to build a cost function C(z) that takes
candidate annotation z as input and returns the predicted
time in seconds.

5.3 Prediction of Informativeness

In order to actively select candidate annotations, Vijaya-
narasimhan and Grauman [35] propose a measure based
on the notion of value of information (VOI) to gauge the
relative risk reduction provided by a new multi-label an-
notation. For each candidate annotation, a selection func-
tion evaluates its expected informativeness and subtracts
out cost (Section 5.2). The goal is to predict the combi-
nation of image and annotation type that will produce the
greatest decrease in risk for the current classifier, when
penalized by the amount of manual effort required.
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(b) bag-level labels] (c) partial instance[(d) fully Tabeled

(a) unlabeled level label & segmented

il [l

[Contains cow, water, grass

e

Contains cow, water, grass

Figure 4: Vijayanarasimhan and Grauman [35] propose
the MIML framework, in which images are represented
as multi-label bags of regions or instances. (a) Overseg-
mented regions. (b) Bag-level labels: we know which
categories are present in the image but we do not know
in which regions. (c) Partial instance-level labels: some
regions are labeled. (d) Full annotation: all regions are la-
beled and we have true object boundaries (source: [35]).

The risk terms are defined based on level of complete-
ness in labeling. At any stage in the learning process,
there exist distinct pools within the dataset: Xy, the set
of unlabeled examples (bags and instances); X, the set
of completely labeled examples; and X'p, the set of par-
tially labeled examples, which consists of bags with only
a partial set of bag-level labels. The risk terms associated
with these respective subsets of the dataset are:

R(XL) = Z Zﬂ(l—P(”Xi)) 3)

X;€eXp leL;
c

R(Xy)= > Y m(l—p(X:)Pe(i|X;) (4
X;eXy =1

R(Xp)= > Y m(l—p|X:)+ )
X;eXpleL;
Z (1 — p(l]X3))p(1]X3),
lel;

where r; represents the risk associated with misclassify-
ing an example from class ; p({| X;) is the probability X;
is classified with label [; Pr(l|X;) is the true probability
that unlabeled example X; has label [ (approximated as
Pr(l|X;) = p(l|X;)); and U; = L\ L;. The reader is
directed to [35] for more detail on these risk terms. It
follows that the value of information for a candidate an-

notation z is:

VOI(z) =R(XL) + R(Xy) + R(Xp)—
(R(A) + R(A) + R(2p)) ~C(2),

6)

where R(X7), R(Xy ), and R(Xp) denote the respective
sets of labeled, unlabeled, and partially labeled data af-
ter obtaining annotation z. A high VOI is desirable as
it indicates that the total cost would decrease if a certain
annotation were added.

As the VOI function depends on estimates for the risk
of data that is yet to be labeled, the total risk is estimated
by using the expected value: R(XL)+R(X)+R(Xp) ~
E[R(XL) + R(Xy) + R(Xp)].

5.4 Discussion

By posing the problem in a multiple instance learning set-
ting, Vijayanarasimhan and Grauman [35] are able to for-
mulate an active learning framework that actively selects
image annotations, maximizing the expected benefit while
considering the manual effort required. The MIML clas-
sifier is trained initially on a small set of labeled images.
The active learner selects the label/example with maximal
VOI from the set of partially labeled and unlabeled im-
ages, the classifier is then updated with this added label,
and the process repeats. This framework enables one to
study additional levels of supervision, for instance scene
layout or part labels, and can potentially be extended to
domains in computer vision outside of visual categoriza-
tion.

The approach discussed above involves simultaneously
minimizing cost while maximizing quality. An alternate
approach to cost management is to place a limit on the
total cost and explore the quality of results that can be ob-
tained within that budget. Vijayanarasimhan et al. [36]
investigated active batch selection of labels while satisfy-
ing a temporal budget constraint quantifying manual an-
notation cost. In addition, Vondrick et al. [41] examined
the trade off in monetary cost between automation (quan-
tified as the cost of CPU usage) and manual labeling, as a
function of the difficulty of the labeling task.
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6 Applications in Computer Vision

The most common usage of MTurk for computer vision-
related applications is massive data collection of thou-
sands, if not millions, of image labels. Recently, re-
searchers have investigated how crowdsourcing can be
used to supplement machine vision algorithms as well as
how it can serve as a tool for better understanding compo-
nents of computer vision. We present various examples of
recent work in computer vision that leverage crowdsourc-
ing.

6.1 Large-Scale Data Collection

In this section, we study examples of large-scale data col-
lection for both images and video and how they utilize
crowdsourcing.

6.1.1 Image Annotation

As mentioned previously, crowdsourcing enables one to
label thousands of images for relatively low cost. This is
advantageous in the creation of large-scale datasets, such
as ImageNet [7], an image database of over 11 million im-
ages and counting, organized based on nouns in the Word-
Net hierarchy. Concepts in WordNet are described in
phrases called “synonym sets” or synsets. Candidate im-
ages for ImageNet are harvested from the web and MTurk
is used to verify each image for a given synset.

In terms of quality control, one must consider human
error and disagreement, especially for more confusing
synsets. Deng et al. [7] developed a simple algorithm
that dynamically determines the number of agreements
needed for different image categories. Responses from 10
users are collected on a subset of images for each synset,
in order to establish a confidence score — a natural mea-
sure of “semantic difficulty”’— indicating the probability
of each image being correctly categorized. The remain-
ing images in the synset are sent to MTurk for labeling
until a confidence score threshold is attained. For certain
synsets, users fail to reach consensus, suggesting that vi-
sualization of those concepts is challenging.

CUB-200 [44] is another example of a dataset that em-
ployed Turkers for image annotation. Intended for subor-
dinate category classification, the dataset consists of over
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6,000 images of birds belonging to 200 species. Im-
ages are annotated with a rough segmentation, a bounding
box, and binary attribute annotations. Subordinate cate-
gorization tasks are difficult for humans as well as com-
puters (for example, accurately classifying bird species,
car make/model, etc.) and CUB-200 aims to facilitate re-
search in that area.

For a particular bird species, workers were shown an
exemplar image and the corresponding Wikipedia entry
for the species, and they were asked to rank the similar-
ity between images and the exemplar using the options
“same,” “similar,” “different,” and “difficult” (chosen if
occlusion or scale variation made comparison difficult).
Images labeled as “same” or “similar” to the exemplar
were kept. Workers were then requested to draw a rough
segmentation of each bird, and bounding boxes were de-
duced from the rough outlines. A total of 5 Turkers were
also asked to provide attribute annotations for each of the
25 visual attributes, harvested from an online bird field
guide, as well as the confidence of their label: “definitely,”
“probably,” or “guessing.”

6.1.2 Video Annotation

Video annotation is one domain that especially requires
cost-aware methods for labeling. The sheer quantity of
frames necessitates clever ways of propagating annota-
tions from a subset of keyframes. Yuen et al. [49]
created the LabelMe video database using an online an-
notation tool similar to the original LabelMe interface
[30] that allows users to draw polygons around objects
for keyframes. In an offline preprocessing stage, cam-
era motion is estimated as a homographic transformation.
The web client then propagates the polygon label location
temporally, while taking into account the camera param-
eters. Their interpolation framework assumes linear mo-
tion of constant velocity.

Vondrick et al. [41] address less predictable nonlinear
motion in video by using a dynamic-programming based
interpolation algorithm that tries to track the object be-
tween keyframes. The visual model of the tracked object
is learned with a discriminative classifier trained to fire on
positive bounding boxes and produce low scores on nega-
tives.

Their annotation GUI is rendered by the client in real-
time, and multiple workers can label the same sequence
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simultaneously; their labels are merged into the data
stream, so subsequent workers labeling the same video
sequence see progressively more densely labeled video as
the confident degenerate annotations are visually added
to the sequence. A worker can then realize that an entity
is already labeled and choose to label something else in-
stead. Labeling is complete when multiple workers agree
that there are no more entities left to label.

This labeling scheme introduces diversity across work-
ers who are shown a random sequence, so a single worker
cannot completely annotate one sequence. Additionally,
if an adversarial worker provides poor annotations or
demonstrates systematic bias, his/her performance will
not affect all entities in a sequence.

6.2 Computer Vision with Humans in the
Loop

A developing branch of research has focused on how hu-
mans can be added to different stages of a computer vi-
sion pipeline. They can be employed during training in an
active learning setting [35], or during classification [3],
as well as substituted for other machine vision compo-
nents (detection, recognition, feature extraction, spatial
modeling, etc.) [26, 25, 27]. These human-in-the-loop
approaches serve various purposes, such as investigating
deficiencies in computer vision or performing classifica-
tion tasks that are difficult for computers.

Branson et al. [3] presented a “visual 20 questions
game,” an example of a subordinate category classifica-
tion system that supports interaction between machine vi-
sion, human users, and experts. Given an input image, the
computer queries the user and attempts to identify the true
object class, while minimizing the total number of ques-
tions asked. As subordinate classification tasks are very
challenging for humans without previous domain knowl-
edge or expertise, the system poses questions about ba-
sic visual attributes than non-experts are able to answer.
This hybrid human-computer framework enables users to
drive up performance while minimizing the amount of hu-
man effort required. As computer vision algorithms im-
prove, reliance on humans can be gradually reduced until
humans are no longer needed at all. Branson et al. demon-
strated their system on the CUB-200 dataset [44].

In addition, researchers have investigated using the
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crowd to advance knowledge about computer vision.
Parikh and Zitnick [26] explored the role of features,
training data, and algorithms in visual recognition tasks.
They observed that the choice of features has the largest
impact on machine recognition accuracy. In addition, they
hypothesize that the feature representation used by hu-
mans is the primary factor giving them an advantage over
computers; this is reasonable as there is evidence suggest-
ing that humans can adaptively rely on different sets of
features at test time, and the human feature representation
is tuned for high performance at a variety of tasks.

Similar work [27] involved substituting humans for var-
ious combinations of components of a part-based per-
son detector. Their findings suggest that part detection
is the “weakest link,” and substituting in human-detected
parts significantly improves overall detector performance.
Parikh and Grauman [25] also employed human annota-
tors for building a nameable and discriminative attribute
vocabulary that involves automatically identifying class
confusions, having Turkers name the attribute that dis-
tinguishes the classes, and then incorporating Turker re-
sponses.

7 Conclusion

As use of crowdsourcing has dramatically increased with
the advent of Amazon Mechanical Turk, it is clear that
this distributed production model has its advantages. It
provides a clear, feasible model for doing business and
is relatively affordable. MTurk is particularly well-suited
for tasks that benefit from human intelligence, reinforc-
ing the “Turk philosophy”: human computation is cheap
and subsumes automated methods [4 1 ]. Methods exist for
sufficient cost and quality management.

However, certain ethical issues have emerged, includ-
ing what constitutes adequate compensation; requesters
can potentially take advantage of workers by submit-
ting them to unfair payment schemes [13]. Other issues
arise with respect to the types of tasks that are posted on
MTurk; a recent study estimated that more than 40% of
the tasks listed on MTurk are spam [17], which include
creating fake email/social networking accounts and ads,
generating fake clicks, etc.

There is also a possible lack of diversity in participants,
who self-select the tasks they perform [2, 21]. This sur-
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vey has focused on crowdsourcing on MTurk, and experi-
ments conducted through this venue may not generalize to
other crowdsourcing marketplaces, given that the Turker
population is not necessarily representative of population
at large [23].

One may wonder, given these circumstances, what kind
of tasks are best suited for MTurk deployment? While
Turkers may not be identified experts, they can be suc-
cessfully trained to perform more complex tasks. Their
primary motivations are minimizing time spent and max-
imizing reward, which may conflict with overly compli-
cated annotation schemes or requests and result in inat-
tentiveness in labeling [9]. These concerns can conceiv-
ably be overcome with modifications to the user interface
or task parameters; mediator services that target certain
verticals (video transcription, translation, photo tagging,
etc.) exist for this purpose [18].

From a computer vision perspective, crowdsourcing as
actualized by MTurk has become an attractive paradigm
for production, by having humans complete micro-tasks
that would otherwise be very difficult for computers. The
immaturity of the field may still be evident and the com-
munity will benefit from further study in certain areas.
This includes investigating suitable design patterns and
labeling interfaces for relevant tasks that yield the high-
est quality while minimizing cost.

Moreover, we will need to examine how to optimally
incorporate a distributed workforce into a computer vi-
sion pipeline. Which tasks should we focus on develop-
ing algorithms for and which are more appropriate for the
crowd [10]? The division of automated and human la-
bor itself is highly dynamic, and it will constantly shift as
machine vision algorithms improve and less reliance on
humans is needed for certain tasks [3, 28].

These observations suggest future research directions
involving hybrid approaches that combine crowdsourcing
and computer vision to maximal effectiveness, or methods
that enable finer control over quality, cost, and the speed at
which results can be obtained. Some preliminary progress
has been made in these areas [3, 29]. Additionally, the
crowd can be used to validate these approaches and pro-
vide large-scale subjective evaluation and feedback.

By greatly facilitating large-scale image labeling,
crowdsourcing has democratized the data collection pro-
cess, eliminating dependence on stagnant datasets that po-
tentially suffer from overtraining or overfitting [11]. Re-
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searchers are able to obtain image labels at more lev-
els of granularity and develop more sophisticated algo-
rithms. However, this on-demand mentality of accessible
data collection may encourage datasets that are purposely
framed to accommodate certain agendas, and standardiza-
tion of crowdsourcing methods and parameters is needed.

It is yet to be seen what kind of enduring impact crowd-
sourcing will have on the area of computer vision. In the
meantime, MTurk supports a readily available and will-
ing workforce that has greatly facilitated data collection
endeavors and continues to enable researchers to explore
problems in computer vision at massive scales.
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