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Abstract

The growing need for labeled training data has
made crowdsourcing an important part of ma-
chine learning. The quality of crowdsourced la-
bels is, however, adversely affected by three fac-
tors: (1) the workers are not experts; (2) the in-
centives of the workers are not aligned with those
of the requesters; and (3) the interface does not
allow workers to convey their knowledge accu-
rately, by forcing them to make a single choice
among a set of options. In this paper, we ad-
dress these issues by introducing approval voting
to utilize the expertise of workers who have par-
tial knowledge of the true answer, and coupling
it with a (“strictly proper”) incentive-compatible
compensation mechanism. We show rigorous
theoretical guarantees of optimality of our mech-
anism together with a simple axiomatic charac-
terization. We also conduct preliminary empir-
ical studies on Amazon Mechanical Turk which
validate our approach.

1. Introduction

In the big data era, with the ever increasing complexity of
machine learning models such as deep learning, the de-
mand for large amounts of labeled data is growing at an
unprecedented scale. A primary means of label collection
is crowdsourcing, through commercial web services like
Amazon Mechanical Turk where crowdsourcing workers
or annotators perform tasks in exchange for monetary pay-
ments. Unfortunately, the data obtained via crowdsourc-
ing is typically highly erroneous (Kazai et al., 2011; Vu-

Proceedings of the 32nd International Conference on Machine
Learning, Lille, France, 2015. JMLR: W&CP volume 37. Copy-
right 2015 by the author(s).

Latin  
Thai  
Tamil 
Japanese 
Hebrew 
Chinese 
Russian 
Hindi 

Select ALL options that could 
be the language in this image 

Figure 1. An illustration of a task with an approval-voting inter-
face, asking the worker to select all the options that she believes
may be correct.

urens et al., 2011; Wais et al., 2010) due to the lack of
expertise of workers, lack of appropriate incentives, and
often the lack of an appropriate interface for the workers
to express their knowledge. Several statistical aggregation
methods (Dawid & Skene, 1979; Whitehill et al., 2009;
Raykar et al., 2010; Karger et al., 2011; Liu et al., 2012;
Zhou et al., 2012; Shah et al., 2015) have been proposed in
the literature for improving the quality of the data. Our ap-
proach complements these techniques in that we endeavor
to obtain higher-quality labels directly via novel interface
and incentive mechanisms while not increasing the labeling
cost.

The typical crowdsourcing labeling task consists of a set of
questions such as images to be labeled, and each question
is associated with a set of options. Each option is the name
of a category and the true label for any question is one of
these options. In principle, for each question, the worker
is required to select the option that she believes is most
likely to be correct. More formally, it involves eliciting
the mode of the worker’s belief. Such a “single-selection”
crowdsourcing setting has been studied extensively, both
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empirically and theoretically.

In this paper, we consider an alternative “approval-voting”
means of eliciting labels from the workers, wherein the
worker is allowed to select multiple options for every ques-
tion.1 See Figure 1 for an example. Approval voting is
known to have many advantages over single-selection sys-
tems in psychology and social choice theory (Horst, 1932;
Coombs, 1953; Coombs et al., 1956; Collet, 1971; Brams
& Fishburn, 1978; Gibbons et al., 1979): it provides work-
ers more flexibility to express their beliefs, and utilizes the
expertise of workers with partial knowledge more effec-
tively. For instance, Coombs (1953) posits that “It seems
to be a common experience of individuals taking objec-
tive tests to feel confident about eliminating some of the
wrong alternatives and then guess from among the remain-
ing ones” and that “Individuals taking the test should be
instructed to cross out all the alternatives which they con-
sider wrong.” Under this approval-voting interface, we
will require a worker to select every option which she be-
lieves could possibly be correct. Mathematically, we for-
mulate this problem as eliciting the support of the beliefs
of workers for each question. In the setting of crowd-
sourcing, as compared to single-selection, selecting mul-
tiple options would allow for obtaining more information
about the partial knowledge of these non-expert workers.
This additional information is particularly valuable for dif-
ficult labeling questions, allowing for the identification of
the sources of difficulty. Indeed, Coombs et al. (1956) con-
clude that under such a questionnaire, “clear evidence for
the existence of partial information mediating responses to
multiple choice items was obtained.”

Let us illustrate the utility of approval voting using the ex-
ample of Figure 1. Assume that there are two workers. The
first worker recognizes that the language spoken in India,
but is confused between “Tamil” and “Hindi”. The sec-
ond worker is confused about some other aspect of the dis-
played text, and thinks it is either “Hindi” or “Thai”. If ev-
ery worker is allowed to select only a single answer, it may
turn out that the first worker selects “Tamil”, while the sec-
ond worker correctly selects “Hindi”. Their responses will
thus not provide any definitive answer about the true la-
bel. In contrast, if we fully elicit their knowledge by letting
them select multiple options, that is, (“Tamil”, “Hindi”)
from the first worker and (“Hindi”, “Thai”) from the sec-
ond, then one can infer “Hindi” to be the correct answer.
Indeed, “Hindi” is the language in Figure 1.

Albeit its great flexibility in eliciting partial knowledge, ap-
proval voting alone is not sufficient for high quality crowd-
sourcing. A worker may have no incentives to truthfully
disclose her partial knowledge on the crowdsourcing ques-

1The literature on psychology often refers to approval voting
as “subset selection”.

tion. For instance, the worker may simply choose all pro-
vided options as her answer and get paid. To address this
problem, we need to couple approval voting with an appro-
priate “incentive-compatible” payment mechanism such
that a worker receives her maximum expected payment if
and only if she truthfully discloses her partial knowledge
(that is, the support of her belief) on the crowdsourcing
question. In other words, the payment mechanism has to
be a “strictly proper scoring rule”. Moreover, we want the
mechanism to be “frugal”, paying as less as possible to a
worker who simply selects all provided options as her an-
swer. The problem setting for incentive mechanism design
is formally described in Section 3.

Our first result is negative, proving that unfortunately no
mechanism can be incentive compatible for this setting
(Section 4). This impossibility result leads us to intro-
duce a “coarse belief” assumption (Section 5) that relies
on a certain granularity in people’s beliefs. We propose a
payment mechanism that is incentive-compatible and fru-
gal (Section 6), and show that it is the only mechanism
which satisfies these two requirements. We then generalize
the analysis of our mechanism to settings where the coarse
belief assumption may not be satisfied, and show that our
mechanism simply incentivizes workers to select options
for which their belief is relatively high enough (Section 7).
This perspective also leads to a simple axiomatic charac-
terization of our mechanism. The paper concludes with a
report on preliminary experiments verifying certain basic
hypotheses underlying our approach (Section 8) and a dis-
cussion on future work (Section 9).

2. Related Literature

Approval voting (Ottewell, 1977; Kellett & Mott, 1977;
Weber, 1977; Brams & Fishburn, 1978) is a form of vot-
ing in which each voter can “approve of” (that is, select)
multiple candidates. No further preferences among these
candidates is specified by the voter. Our proposed inter-
face for crowdsourcing elicits approvals on the candidate
options for each question. Closer to our setting of crowd-
sourcing, approval voting has been studied in the context of
question and answer forums (Jain et al., 2009) and Doodle
polls (Zou et al., 2014). The focus of the present paper is
on the design of incentive mechanisms with properties that
fundamentally hold irrespective of the nature of the setting.

The framework of scoring rules (Brier, 1950; Savage, 1971;
Gneiting & Raftery, 2007; Lambert & Shoham, 2009) con-
siders the design of payment mechanisms to elicit predic-
tions about an event whose actual outcome will be observed
in the future. The payment is a function of the agent’s re-
sponse and the outcome of the event. The payment is called
“strictly proper” if its expectation, with respect to the be-
lief of the agent about the event, is strictly maximized when
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the agent reports her true belief. Proper scoring rules how-
ever provide a very broad class of mechanisms, and do not
specify any specific mechanism for use. The mechanism
proposed in the present paper may alternatively be viewed
as the “optimal” proper scoring rules for eliciting supports
of workers’ beliefs across multiple questions.

Shah & Zhou (2014) consider a crowdsourcing setup with
the traditional single-selection setting, also eliciting the
workers’ confidences for each response. They propose a
mechanism to suitably incentivize workers and show that
their proposed mechanism is shown to be the only one satis-
fying a proposed “no-free-lunch” axiom. While the setting
of our work is different from that of Shah & Zhou (2014),
interestingly, our mechanism that was derived for a differ-
ent interface and under a different set of assumptions, turns
out to be the only mechanism that can satisfy the no-free-
lunch axiom (adapted to our setting).

The mechanisms presented subsequently in the present pa-
per assume the presence of some “gold standard” questions
whose answers are known apriori to the system designer.
There is a parallel line of literature (Prelec, 2004; Miller
et al., 2005; Faltings et al., 2014; Miller et al., 2005; Das-
gupta & Ghosh, 2013) that explores the design of mech-
anisms that operate in the absence of any gold standard
questions. These works typically elicit additional infor-
mation from the workers, such as asking them to predict
the responses of other workers. The mechanisms designed
therein can generally provide only weaker guarantees due
to the absence of a gold standard answer to compare with.

3. Problem Setup

Consider N ≥ 1 questions, each of which has B ≥ 2
options to choose from. For each option, exactly one of
the B options is correct. We assume that these N ques-
tions contain G (1 ≤ G ≤ N) “gold standard” ques-
tions, that is, questions to which the mechanism designer
knows the answers apriori. These gold standard questions
are assumed to be mixed uniformly at random among the N
questions, and the worker is evaluated based on her perfor-
mance on these G questions. For every individual question,
we assume that the worker has, in her mind, a distribution
over the B options representing her beliefs of the proba-
bilities of the respective options being correct. We assume
that these belief-distributions of a worker are independent
across questions (Gibbons et al., 1979). For any integer K,
we will use [K] as a shorthand for the set {1, . . . ,K}.

Our goal is to elicit, for every question, the support of the
worker’s distribution over the B options. In other words,
we wish to incentivize the worker such that for each ques-
tion, the worker should select the smallest subset of the set
of options such that the correct answer according to her be-

lief lies in the selected subset. Formally, suppose that for
any question i ∈ [N ], the worker believes that the proba-
bility of option b ∈ [B] being correct is pib, for some non-
negative values pi1, . . . , piB that sum to one. Then the goal
is to incentivize the worker to, for each question i ∈ [N ],
select precisely the set of options

{b ∈ [B] | pib �= 0}. (1)

Payment function. As mentioned earlier, the worker’s
performance is evaluated based on her responses to the
gold standard questions. For any question in the gold
standard, we denote the evaluation of the worker’s per-
formance on this question by a value in the set {−(B −
1), . . . ,−1, 1, . . . , B}: the magnitude of this value repre-
sents the number of options she had selected and the sign is
positive if the correct answer was in that subset and nega-
tive otherwise. For instance, if the worker selected four op-
tions for a certain gold standard question but none of them
was correct, then the evaluation of this response is denoted
as “−4”; if the worker selects two options for a gold stan-
dard question and one of them turns out to be the correct
option then the evaluation of this response is denoted as
“+2”. Let

f : {−(B − 1), . . . ,−1, 1, . . . , B}G → R+

denote the payment function. It is this function f which
must be designed in order to incentivize the worker. Note
that we restrict the payment f to be non-negative to adhere
to present crowdsourcing setups which deal solely in mone-
tary compensations. Finally, we let α > 0 denote the value
of perfect data: a worker who answers everything perfectly
should be paid an amount α, that is,

f(1, . . . , 1) = α. (2)

Throughout the paper, we will consider only those mecha-
nisms that satisfy (2).

Expected payment. A quantity central to our analysis is
the expected payment, where the expectation is from the
point of view of the worker, and is taken over the random-
ness in the choice of the G gold standard questions among
the N questions and over the N probability distributions
representing her beliefs for the N questions. Let us for-
malize this notion. Suppose that for question i ∈ [N ],
the worker has selected some yi ∈ [B] of the B options.
Further, let si ∈ [0, 1] denote the probability, under the
worker’s beliefs, that the correct answer to question i lies
in this set of yi selected options. In other words, si de-
notes the sum of the beliefs for the yi options selected by
the worker (consequently, the sum of the beliefs for the op-
tions not selected is (1−si)). Then from the worker’s point
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of view, her expected payment for this selection is

1�N
G

�
�

(j1,...,jG)
⊆[N ]

�

(�1,...,�G)
∈{−1,1}G

� G�

i=1

(1− sji)
1{�i=−1}s1{�i=1}

ji

f(�1yj1 , . . . , �GyjG)
�
. (3)

The outer summation in (3) corresponds to the expectation
with respect to the random distribution of the G gold stan-
dard questions in the N total questions, and the inner sum-
mation corresponds to the expectation with respect to the
worker’s beliefs of her choices being correct. In this paper,
we assume that the workers aim to maximize their expected
rewards; extending our theory to more general utility func-
tions is straightforward.

Definition 1 (Incentive compatibility). A mechanism is in-
centive compatible if the expected payment (Equation (3)),
from the worker’s point of view, is strictly maximized when
she selects precisely the support (Equation (1)) of her belief
for each question.

Observe that a worker who selects all the options for all the
questions doesn’t give any useful information. In order to
deter such behavior, one would like to ensure that in addi-
tion to paying a (large enough) amount α to a good worker,
the mechanism should expend as small an amount as possi-
ble on such a worker. This leads to a notion of “frugality”.

Definition 2 (Frugality). An incentive-compatible mecha-
nism f is frugal if

f(B, . . . , B) ≤ f �(B, . . . , B)

for every incentive-compatible mechanism f � that has
f �(1, . . . , 1) = f(1, . . . , 1).

Our goal is to design mechanisms that are incentive-
compatible, and whenever they exist, find the mecha-
nism(s) that is(are) most frugal.

4. An Impossibility Result

It turns out that, unfortunately, we must face a roadblock in
the first step: We can show that there exists no mechanism
that is incentive compatible.

Theorem 4.1. For any N , G and B ≥ 2, there is no mech-
anism that can guarantee that the worker will be incen-
tivized to select precisely the support of her distribution for
each question.

In order to circumvent this impossibility result, we appeal
to a certain well-understood property of human belief de-
scribed in the following section.

5. Coarse Belief Assumption

There is an extensive literature in psychology establish-
ing the coarseness of processing and perception in humans.
For instance, Miller’s celebrated paper (Miller, 1956) es-
tablishes the information and storage capacity of humans,
that an average human being can typically distinguish at
most about seven states. This granualrity of human compu-
tation is verified in many subsequent experiments (Shiffrin
& Nosofsky, 1994; Saaty & Ozdemir, 2003). Jones & Loe
(2013) establish the ineffectiveness of finer-granularity re-
sponse elicitation. Mullainathan et al. (2008) hypothesize
that humans often group things into categories; this hy-
pothesis is experimentally verified by Siddiqi (2011) in a
specific setting. We incorporate this established notion of
coarseness of human processing in our model in terms of a
simple assumption.

Consider some (fixed and known) value ρ > 0, and as-
sume that the probability of any option for any question,
according to the worker’s belief, is either zero or greater
than ρ. The impossibility shown in Theorem 4.1 pertains
to ρ = 0. Also, one must necessarily take into account sit-
uations when a worker is totally clueless about a question,
that is, when her belief is distributed uniformly over all op-
tions. Hence we restrict ρ < 1

B . To summarize, we make
the following “coarse belief” assumption.

Definition 3 (Coarse belief assumption). The worker’s be-
lief for any option for any question lies in the set {0}∪(ρ, 1]
for some (fixed and known) ρ ∈

�
0, 1

B

�
.

We wish to elicit the full support of the workers’ beliefs,
given a coarseness of belief that assigns a value of zero
to very low probability categories. The goal is to design
mechanisms that are incentive-compatible and frugal, as-
suming the coarse belief assumption holds true.

6. Incentive Mechanism

We now present a mechanism for the problem at hand, un-
der the coarse belief assumption. The mechanism is de-
scribed in Algorithm 1.

Algorithm 1 Incentive mechanism for approval voting
• Input: evaluations of the worker’s answers to the G gold

standard questions
(x1, . . . , xG) ∈ {−(B − 1), . . . ,−1, 1, . . . , B}G

• Output: the worker’s payment

f(x1, . . . , xG) = α(1− ρ)
�G

i=1(xi−1)
G�

i=1

1{xi ≥ 1}
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The payment is based only on the evaluation of the
worker’s responses to the gold standard questions. It is easy
to describe the mechanism in words:

1. The payment is zero if the correct answer is not se-
lected for any of the questions;

2. Otherwise, it equals α reduced by (100ρ)% for each
option selected except the correct option.

The following pair of theorems present our main results,
proving that this mechanism is the one and only mechanism
that satisfies our requirements.
Theorem 6.1. The mechanism of Algorithm 1 is incentive-
compatible and frugal.

The following theorem shows that our mechanism is
strictly better than any other mechanism.
Theorem 6.2. There is no other incentive-compatible
mechanism that expends as small an amount as Algorithm 1
on a worker who does not attempt any question.

To show the optimality and uniqueness properties claimed
in Theorem 6.1 and Theorem 6.2 respectively, we prove the
absence of other good mechanisms via contradiction-based
arguments. Specifically, for any candidate mechanism, we
identify a specific set of beliefs for which the worker will
not be incentivized to act as required. In line with our
earlier argument of beliefs being “coarse”, the beliefs con-
sidered in these proofs are simple enough: the worker has
some belief about one of the options, knows for sure that
certain other options are incorrect, and is indifferent among
the rest of the options.

To put things in perspective, observe that ρ = 0 eliminates
the dependence of the payment in Algorithm 1 on

�
i xi

and makes the mechanism incentive incompatible. The im-
possibility result of Theorem 4.1 proves that every possible
mechanism must necessarily suffer this fate.

The remainder of this section is devoted to the proof of
Theorem 6.1. The reader may feel free to jump to Section 7
without any loss in continuity.

6.1. Proof of Theorem 6.1

Incentive compatibility. First consider the case N = G =
1. In this case, the mechanism of Algorithm 1 reduces to

f(x) = α(1− ρ)(x1−1)1{x1 ≥ 1}.

Suppose without loss of generality that the worker’s beliefs
for the B options are p1 ≥ · · · ≥ pm > ρ > pm+1 =
· · · = pB = 0 for some m ∈ [B]. An incentive-compatible
mechanism must strictly maximize the worker’s expected
payment when she selects the support of her belief, that

is, the options {1, . . . ,m}. The expected payment, $sup,
under this selection is

$sup = α
m�

i=1

pi(1− ρ)m−1

= (1− ρ)m−1.

Suppose the worker selects some other set of options
{o1, . . . , o�} ⊆ [B], {o1, . . . , o�} �= [m]. Then her ex-
pected payment $oth under the proposed mechanism for
this selection is

$oth = α
��

i=1

poi(1− ρ)�−1

≤ α
��

i=1

pi(1− ρ)�−1, (4)

since p1 ≥ · · · ≥ pB . If � = m then the inequality in (4)
is strict since pj < pi for all (j > m, i ≤ m). Thus the
expected payment under the choice � = m but with a selec-
tion different from the support is strictly lower than $sup.
Also observe that the expected payment on selecting � > m
is upper bounded by (1 − ρ)�−1, which is strictly smaller
than $sup. Let us now consider the remaining, interesting
case of � < m. Since pi > ρ for all i ∈ [m], we have

$oth < α

�
m�

i=1

pi − (m− �)ρ

�
(1− ρ)�−1

= α (1− (m− �)ρ) (1− ρ)�−1

≤ α (1− (m− (�+ 1))ρ) (1− ρ)�

...

≤ α(1− ρ)m−1

= $sup.

This completes the proof for the case N = G = 1.

Let us now consider the case of N = G ≥ 1. By our
assumption of the independence of the beliefs of the worker
across the questions, the expected payment equals

G�

i=1

E
�
α(1− ρ)(xi−1)1{xi ≥ 1}

�
.

Since the payments are non-negative, if each individual
component in the product is maximized then the product
is also necessarily maximized. Each individual component
simply corresponds to the setting of N = G = 1 discussed
earlier. Thus calling upon our earlier result, we get that the
expected payment for the case N = G > 1 is maximized
when the worker acts as desired for every question.

Let us finally consider the case of N > G ≥ 1. Recall
from (3) that the expected payment for the general case



Approval Voting and Incentives in Crowdsourcing

is a cascade of two expectations: the outer expectation is
with respect to the uniformly random distribution of the
G gold standard questions among the N total questions,
while the inner expectation is taken over the worker’s be-
liefs of the different questions conditioned on the choice of
the gold standard questions. The arguments above for the
case N = G prove that every individual term in the inner
expectation is maximized when the worker acts as desired.
The expected payment is thus maximized when the worker
acts as desired.

Frugality. We first present a lemma that forms the
workhorse of this and other subsequent proofs.
Lemma 6.3. Consider some y, y� ∈ [B]N and some I ⊆
[N ] such that yi = y�i + 1 for all i ∈ I, and yi = y�i for all
i /∈ I. Then any incentive compatible mechanism f must
necessarily satisfy

1�N
G

�
�

(j1,...,jG)⊆[N ]

f(yj1 , . . . , yjG)

≥ 1�N
G

�
�

(j1,...,jG)⊆[N ]

(1− ρ)|I∩{j1,...,jG}|f(y�j1 , . . . , y
�
jG).

Furthermore, a necessary condition for the above equation
to be satisfied with equality is

f(�1y
�
j1 , . . . , �Gy

�
jG) = 0

for all (j1, . . . , jG) ⊆ [N ], and all {(�1, . . . , �G) ∈
{−1, 1}G\{1}G | �i = 1 whenever ji /∈ I}.

We now prove the frugality of our proposed mechanism us-
ing this lemma. Consider any incentive compatible mech-
anism f such that f(1, . . . , 1) = α. Consider any x0 ∈
[B−1]. Applying Lemma 6.3 with y = (x0+1, . . . , x0+1)
and y� = (x0, . . . , x0) gives

f(x0 + 1, . . . , x0 + 1) ≥ (1− ρ)Gf(x0, . . . , x0).

A repeated application of this inequality for all x0 ∈ [B−1]
gives

f(B, . . . , B) ≥ (1− ρ)(B−1)Gf(1, . . . , 1)

= (1− ρ)(B−1)Gα.

The mechanism of Algorithm 1 achieves this lower bound
on f(B, . . . , B) with equality, thereby completing the
proof.

7. Generalization

We earlier made the “coarse belief” assumption that the
worker’s belief for any option, when non-zero, is atleast
ρ. We then designed the mechanism of Algorithm 1 that is
incentive compatible with respect to eliciting the supports
of the beliefs of the worker. In this section, we generalize
the results presented earlier in the paper to the setting where
workers may have arbitrary beliefs.

7.1. Incentivizing Workers with Finer Beliefs

Suppose the mechanism of Algorithm 1, for a certain value
of ρ, is encountered by a worker who may have arbi-
trary beliefs. Interestingly, it turns out that the mechanism
doesn’t break down, but instead does something desirable:
it incentivizes the worker to select all options for which the
relative belief of the worker is high enough.
Theorem 7.1. Under the mechanism of Algorithm 1, for
any question, a worker with beliefs 1 ≥ p1 ≥ . . . ≥ pB ≥
0 will be incentivized to select options {1, . . . ,m} where

m = arg max
z∈[m]

�
pz�z
i=1 pi

> ρ

�
.

It is not hard to interpret this incentivized action. The
worker selects options one by one in decreasing order of
her beliefs as long as the selected option contributes a frac-
tion more than ρ to the total belief of the selected options.

Let us now verify that the earlier result of Theorem 6.1 for
“coarse beliefs” is indeed a special case of Theorem 7.1. To
this end, suppose the beliefs of the worker for any particular
question are p1 ≥ · · · pk > ρ > pk+1 = · · · = pB = 0 for
some k ∈ [B]. Then we have

pz�z
i=1 pi

=
0�z

i=1 pi
= 0 < ρ for all z ≥ k + 1,

and
pz�z
i=1 pi

≥ pz
1

> ρ for all z ≤ k.

It follows that under the result of Theorem 7.1, a worker
with “coarse beliefs” will be incentivized to select precisely
the support of her beliefs.

7.2. An Alternate Axiomatic Derivation

We now present an alternative axiomatic derivation of
our mechanism when accommodating workers with arbi-
trary beliefs. The derivation involves a “no-free-lunch ax-
iom” of Shah & Zhou (2014), which when adapted to our
approval-voting based setting is defined as follows. We say
that a worker has ‘attempted’ a question if for that question,
she doesn’t select all the B options. We say that the answer
to a question is wrong if the correct option does not lie in
the set of selected options.
Definition 4 (No-free-lunch; adapted from Shah & Zhou
(2014)). If the answer to every attempted question in the
gold standard turns out to be wrong, then the worker gets
a payment of zero, namely,

f(x1, . . . , xG) = 0

∀ (x1, . . . , xG) ∈ {−(B − 1), . . . ,−1, B}G\{B}G.
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Identify the texture in this image.  
Skip if your confidence is below 60%. 

Sand 
Brick 
Grass 
Wood 
Cloth 
Gravel 
Skip this question 

Figure 2. An illustration of the experiment on identifying textures.
The figure depicts the interface for the skip-based mechanism
of Shah & Zhou (2014).

The no-free-lunch axiom is quantitatively different from
the criterion of frugality proposed in this paper. However,
both these notions have the same qualitative goal, namely
to minimize the expenditure when no useful data is ob-
tained, while providing higher payments to workers pro-
viding better data. Interestingly, as we show below, both
these notions lead to the same (unique) mechanism under
our setting of approval voting.

Theorem 7.2. Consider no assumptions on the minimum
value of the belief, and suppose the workers must be
incentivized to select options {1, . . . ,m} where m =

arg maxz
�

pz�z
i=1 pi

> ρ
�

. Then, the mechanism of Algo-
rithm 1 is the one and only mechanism that is incentive
compatible and satisfies no-free-lunch.

8. Preliminary Experiments

This section presents results from an evaluation of our
proposed mechanism on the popular Amazon Mechanical
Turk (mturk.com) commercial crowdsourcing platform.
The goal of this preliminary experimental exercise is to
perform a basic check on whether our mechanism has the
potential to work in practice. Specifically, our goal is to
evaluate the primary hypotheses underlying the theory: (a)
whether workers are able to make a judicious use of the ap-
proval voting setup, (b) whether the existence of the mech-
anism improves the quality, and (c) if there is a strong op-
position from the workers to the interface or the mechanism
for any reason.

We note that conclusive experiments for mechanism design
are in general quite expensive with respect to time (work-
ers may need months to understand a new mechanism) and
budget. They are unlike typical machine-learning experi-
ments that require only existing benchmark datasets. Like
most mechanism design papers, we position our work pri-
marily as a theoretical study. We expect that more detailed
experiments will follow the publication of our work; in-
deed, it is best if experiments on such incentive schemes

are conducted by multiple groups.

We conducted two separate sets of experiments, with over
200 workers in each experiment. The first set required
workers to identify the languages from displayed text (Fig-
ure 1). The second set of experiments required workers to
identify the textures in images displayed to them (Figure 8).
In each experiment, every worker was assigned one of four
mechanisms uniformly at random. The mechanisms were
executed as a “bonus payment” based on the evaluation of
the worker’s performance on the gold standard questions,
on top of a guaranteed payment of 10 cents. The four mech-
anisms tested were:

• Single-selection interface with additive payments: The
bonus starts at zero and is increased by a fixed amount
for every correct answer.

• Skip-based single-selection interface with multiplicative
payments (Shah & Zhou, 2014): The bonus starts at a
certain positive value, is reduced by a certain fraction
for each skipped question, and becomes zero in case of
an incorrect answer.

• Approval-voting interface with a fixed payment: The
bonus is fixed.

• Approval-voting interface with the payment defined in
Algorithm 1.

The entire data related to the experiments is available on
the website of the first author.

Figure 3 presents aggregate results from the two experi-
ments. Figure 3(a) shows the breakup of the evaluations
of all the collected responses. Observe that the workers
made judicious use of the approval-voting interface when-
ever made available to them, with more than 40% responses
comprising a selection of two or three options. Figure 3(b)
depicts the fraction of responses to attempted questions
that turned out to be wrong. Figure 3(c) depicts the frac-
tion of responses that were correct when only one option
was selected. A comparison with the results for single-
selection in the plots reveals that the approval-voting based
approach coupled with our incentive-compatible mecha-
nism was successful in converting a significant fraction
of incorrect answers to correct partial information. Fig-
ure 3(d) depicts the average payment per worker. We can
see that our mechanism is associated to a very little or no in-
crease in the net expenditure. Finally, we also elicited feed-
back about the task from every worker; we did not receive
any negative feedback about either the approval voting in-
terface or our mechanism. All in all, these experiments on
Amazon Mechanical Turk indicate that our mechanism is
indeed practical and can potentially be useful for many ap-
plications in machine learning.
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(a) Fraction of responses that evaluate to different values. The magnitude of the evaluation represents the number of options selected
and its sign denotes whether the correct option was selected (positive) or not (negative).

(b) Fraction wrong among at-
tempted questions

(c) Fraction wrong when only one
option was selected

(d) Average bonus per worker
(cents)

Figure 3. Results from the two experiments conducted on Amazon Mechanical Turk.

A standard means of denoising data from crowdsourcing is
to ask every question to multiple workers, and employ a sta-
tistical aggregation algorithm to aggregate the data so ob-
tained. In the future, we wish to evaluate the performance
of our proposed interface and mechanism on such aggre-
gated data. To this end, our goal for the future is to design
algorithms designed towards statistical aggregation of data
collected through the interface and mechanism proposed in
this paper.

9. Discussion and Future Work

Our goal is to deliver high quality labels for machine learn-
ing applications, at low costs, by means of incentive mech-
anisms or aggregation algorithms or both. In this paper, we
pursue the former approach. We take an approval-voting
based means of gathering labeled data from crowdsourcing.
In particular, we use the approval-voting interface to elicit
the support of the beliefs of workers. This approach is com-
plementary to that of eliciting a single answer (the mode of
the belief), and may often be able to utilize more effec-
tively the expertise of workers who have partial knowledge
of the true answer. We design an incentive mechanism via
a principled theoretical approach; we prove the appealing
properties of optimality and uniqueness of the mechanism.

Preliminary experiments conducted on Amazon Mechani-
cal Turk corroborate the usefulness of this mechanism for
practical scenarios. Our mechanism may also draw more
experts to the crowdsourcing platform since their compen-
sation will be significantly higher than that of mediocre
workers, unlike most compensation mechanisms in current
use.

For the traditional single-selection setting, there is a long,
existing line of work on statistical methods to aggregate
redundant noisy data from multiple workers (Dawid &
Skene, 1979; Whitehill et al., 2009; Raykar et al., 2010;
Karger et al., 2011; Liu et al., 2012; Zhou et al., 2012).
An open problem is the design of aggregation algorithms
for approval-voting-based data: algorithms that can exploit
the specific structure of the responses that arise as a result
of the proposed interface and mechanism. There is indeed
work on aggregation algorithms (Massó & Vorsatz, 2008;
Caragiannis et al., 2010; Brams & Kilgour, 2014) and prob-
abilistic models (Marley, 1993; Falmagne & Regenwetter,
1996; Doignon et al., 2004; Regenwetter & Tsetlin, 2004)
for approval-voting in the literature social choice theory;
their objective, however, is primarily of fairness and stret-
gyproofing of the voting procedure, as opposed to our goal
of noise removal as required for labeling tasks in crowd-
sourcing.
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