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Abstract

Reverse auctions have been applied successfully for assigning a project, a task, or
a service, commissioned by a central entity, to one or more candidate providers. In the
recent years, we have experienced the emergence of several new market environments,
e.g., in crowdsourcing or participatory sensing platforms, that bring forward several
challenges to the design of reverse auctions. The purpose of this deliverable is to
provide an overview of mathematical models that have been proposed in the relevant
literature, along with the progress that has been made on the design of mechanisms
in this context. At the same time, we wish to identify current research challenges and
open problems, with an emphasis on crowdsourcing and labor matching markets.

1 Introduction

Reverse auctions, also known as procurement auctions, form a popular class of mecha-
nisms for assigning a project, a task, or a service, commissioned by a central entity, to one
or more candidate providers. In the more traditional applications of reverse auctions, the
central entity may be a governmental organization (e.g., for assigning a public project to a
construction firm), or a company looking for partners who can perform specialized tasks.
In the private sector, reverse auctions have been successfully used for supply management,
where the central entity is a firm interested in outsourcing certain services, such as the
supply of logistics services, transport services, electronic equipment, or retail services, see
[11]. Going further, and given the explosion and monetization of the Internet, in more
modern applications, the central entity may be even a single individual, as is often the case
in online labour markets and crowdsourcing systems, e.g., Upwork, Freelancer, Amazon
Mechanical Turk, and Clickworker are some representative platforms, where the posted
tasks can range from very elementary assignments as image labeling, or survey completion
to more specialized services like translating documents. Participatory crowdsensing sys-
tems also fall under this framework, where some entity is interested in collecting sensing
information from smartphones or other devices. Hereinafter, we will refer to the central
entity as the "auctioneer”, irrespective of the application at hand.

The emergence of such online labour markets, has caught the increasing attention
of the research community, which has focused on properly formulating and addressing
relevant research questions. As expected, this has led to a fusion of ideas from Computer
Science and Economics. In particular, the main high level challenges that have been
brought forward have to do with the design of market mechanisms that achieve

e computational efficiency (so that a mechanism is simple, easy to understand for the
users, and with scalable running time),



e cconomic efficiency (which is evaluated by metrics such as the derived social welfare,
the level of satisfaction for the final outcome, or the total expenditure),

e incentives for honest participation (so that the involved entities cannot attempt to
manipulate the outcome by misreporting their preferences).

In the case of auctions for a single task, most critical issues are well understood, and
we can have relatively simple mechanisms with desirable properties. Unfortunately, when
we have combinatorial reverse auctions with several tasks to be allocated at the same
time, much more complications arise, since the above criteria are often in conflict with
each other. To elaborate more on this, it is already known that optimizing the final utility
of the auctioneer or the derived social welfare is a computationally hard (NP-complete)
problem due to the combinatorial explosion on the number of possible solutions, when
there are many tasks to be auctioned. Some of the economic criteria are also often
incompatible, e.g., optimizing the auctioneer’s profit versus optimizing the overall welfare
(the sum of everyone’s utility). Finally, the design of incentive compatible mechanisms
often results in computational intractability. Therefore, apart from very few notable cases,
we cannot hope to have computationally and economically efficient, incentive compatible
mechanisms with provable performance guarantees.

Driven by the above considerations, several works have explored, to a certain extent,
the types of trade-offs that can be achieved by relaxing one or more of the desirable
properties mentioned earlier. As an example, finding approximately optimal solutions, can
alleviate the computational intractability burden in some cases. This approach however
still presents challenges in richer or more expressive models. As a second example, when
there is a strict budget constraint for the auctioneer, one might need to relax either the
incentives guarantees (as truthful mechanisms have a tendency to produce relatively high
payments), or the optimization guarantee (as budgeted versions of many optimization
problems tend to be intractable).

The existing literature has already made significant progress on examining the effects
of different aspects and modeling parameters on the performance of relevant mechanisms.
At the same time, there are still many directions that remain underexplored and where
the design of better mechanisms has been elusive. The purpose of this survey is to report
on mathematical models and results that have been obtained within the last decade
for reverse auctions, with an emphasis on mechanism design aspects for crowdsourcing
and labor matching markets. We also wish to identify the current challenges and open
problems, that can serve as a guide for future researchers in the area.

The rest of the survey is structured as follows: In Section [2, we provide some basic
definitions that are useful for all the models that we study later on. In Section |3, we
study some of the most elementary, yet non-trivial, models that have been proposed. We
believe these models help the reader understand what are the essential challenges and
the compromises one has to settle with in the design of efficient mechanisms. In Section
[ our goal is to focus on richer models that take further aspects and parameters into
account and present some generalizations of results from Section [3] Moving on, in Section
we focus on mechanisms that arise in the context of spatial crowdsourcing, which is a
prominent paradigm for task allocation. Finally, in Section [0 we pay special attention
to reputation-based mechanisms, which maintain information about the quality of the
participating agents. We conclude in Section [7| with a discussion on directions for future
work.



2 Basic Definitions

Given the plethora of works for procurement auctions and crowdsourcing platforms, this
survey will focus on mathematical models that are most related to the COMRADE
project. In particular, we are interested in presenting models of constrained optimiza-
tion with the goal of designing mechanisms that achieve high economic performance and
guarantee incentive properties in computationally efficient ways.

We start with a generic model for crowdsourcing, which we will specialize in subsequent
sections. We consider a procurement (reverse) auction setting, where an entity that we
will refer to as the auctioneer is interested in purchasing goods or assigning a set of
tasks to interested agents. For reasons of uniformity, we will stick to the scenario of task
assignment. We let A = [n] = {1,2,...,n}, denote a set of n agents who are willing to
participate in the reverse auction.

There are various possibilities for modeling the capabilities of each agent, the require-
ments of the auctioneer, and the bidding interface for making offers. E.g., the auctioneers
may simply want to assign each task to a single agent, or assign tasks multiple times (for
quality assurance). Each agent may be capable of performing a single task out of the tasks
posted by the auctioneer, or she may be able to bid for performing a subset of the tasks.
The interface may also allow agents to make multiple bids on different combinations of
tasks, or to make bids only for single tasks. The choices made for these aspects can lead
to a variety of different models for task assignment. From Section [3|onwards, we explicitly
describe the specific models that have attracted significant attention in the related works
of the literature.

Regardless of which model we use, the auctioneer collects the offers made by the
agents and eventually needs to make two decisions: the first is to decide how to allocate
the tasks to the agents (it is allowed to also leave tasks unallocated), and the second is
to issue a payment to every agent (naturally, no payment is made to agents who were
not assigned anything). Finally, to evaluate the selected outcome, the auctioneer is also
associated with a valuation function v : P(A) — R, where P(A) is the powerset of the set
of agentsﬂ The valuation function determines the total value (level of happiness) derived
by the selection made. Namely, for S C A, v(S) is the value derived by the auctioneer
if the set S is selected for performing the tasks. For notational convenience, we will use
v(-) instead of v({-}) for singletons.

2.1 Desirable Properties in Mechanism Design

In most of the settings that we will consider here, the agents are strategic, in the sense
that they may try to misreport their true costs for performing the tasks in order to enforce
a higher payment for them. To address this concern, we need to resort to ideas from the
field of mechanism design.

More formally, let 6; be the actual type of agent ¢, so 8 is the type profile, i.e., the vector
containing the type 6; of each agent i. The type can be either a single parameter (e.g.,
the actual cost of performing a task) or can be made up of multiple parameters (the costs
for performing different combinations of tasks, arrival time of an agent, departure time,
etc). A mechanism M = (f,p) takes as input a bidding vector b = (by,...,by,), where b;
may differ from the real type 0;, and consists of an allocation rule f and a payment rule

'In some settings, the valuation function may not only depend on the set of workers, e.g., when the
workers may have a different quality level for each task, and there are multiple ways to split the tasks
among the workers.



p. Hence, f(b) specifies the task assignment to every agent, and p(b) = (p;(b));c4 is the
payment vector, where p;(b) denotes the payment issued to agent i.

To avoid the strategic behavior of agents, the dominant solution concept that has been
employed and extensively studied is the notion of truthfulness.

Definition 2.1. A mechanism M = (f,p) is truthful, if reporting the actual type 0; is a
dominant strategy for every agent i, or equivalently, is the optimal move regardless of the
actions of other players.

For randomized mechanisms, we use the notion of universal truthfulness, which means
that the mechanism is a probability distribution over deterministic truthful mechanisms,
and such mechanisms can be more powerful than their deterministic counterparts [31].

Truthfulness on its own can be achieved easily (e.g., never allocate any tasks). The
main challenge in mechanism design is to design truthful mechanisms that also achieve
other desirable properties with regard to their economic performance. We list below some
of the properties that are the focus of the relevant literature.

Definition 2.2. A mechanism M = (f,p) is

1. individually rational, if for every agent, her payment is never lower than the de-
clared cost for performing the tasks assigned to her,

2. welfare maximizing if the outcome mazximizes the social welfare, for every type
vector 60,

3. no-deficit (or profitable), if the final utility of the auctioneer is never negative or
equivalently, the sum of payments issued by the auctioneer never exceed the value derived
by the assignment selected,

4. budget feasible, if whenever the auctioneer has a budget constraint of B, the total
amount paid to the participants by the auctioneer does not exceed B. The optimization
variant that aims to the minimization of the total amount paid by the auctioneer has been
also of interest.

2.2 Classes of Valuation functions

We proceed with giving some relevant definitions on how the auctioneer evaluates an
outcome of the mechanism. For the more basic models that will be considered in this
survey, it is assumed that the auctioneer is associated with a valuation function v :
P(A) — R, defined on all possible subsets of A, i.e., the auctioneer derives value for any
subset of agents she may select as the winners. In richer models, the exact value may be
determined by further parameters of the model under consideration (i.e., dependent on
what the agents are expected to deliver to the auctioneer if selected as winners).

We say that a valuation function v : P(A) — R, is additive over the set A, if for each

S C A we have
v(S) = ka
keS

where vy, is the value added to the auctioneer by selecting only agent k.

A valuation function v : P(A) — R is said to be submodular over A, if for each
S CT C A and for each item j ¢ T we have

v(TU{j}) —v(T) <v(SU{j}) —v(S)



Submodular valuation functions are essentially the discrete analogous of concave func-
tions. An alternative characterization is the following:

Theorem 2.3 (Nemhauser et al. [30]). A set function v is submodular if and only if for
all S, T C A we have v(T) < v(S)+ >, (v(SU{i})—v(S))— > (v(SUT)—v(SUT\{i})).

i€T\S 1€S\T
A valuation function v : P(A) — R is said to be fractionally subadditive (or X0OS),
if there exists a set {f1, fa, ..., fm} of additive functions for some finite m, such that

U(S) = max{fl(s)afZ(S)a .- afm(S)}

Finally, a valuation function v : P(A) — R is said to be subadditive, if for each
S, T C A, with SNT =0, we have

v(SUT) <v(S)+v(T)

Throughout this work, we also make the natural assumption that v(f)) = 0. All the
functions described above have the property of substitutability. That is, some items or
subsets of items are similar in value or can be thought of as substitutes of each other,
and therefore, they should be procured separately. This is a quite common phenomenon
in such markets, and these families of functions have been used extensively in the related
literature.

Before concluding the current subsection, we also note that it is easy to establish some
containment results concerning these classes of valuation functions, by carefully inspecting
their definitions. More specifically, the following relations hold:

Additive € Submodular € XOS C Subadditive

2.3 Representation of valuation functions.

We end this section with a discussion on how an algorithm accesses the valuation function
of the auctioneer. Throughout the execution of a mechanism, the allocation algorithm
needs to use the value of the auctioneer for several different subsets of agents. When the
function v(-) can be given in a closed form, then one can compute v(S) for any S C A,
by applying a formula, as is the case for example with additive valuation functions. More
generally, we say that a function has a succinct representation, when it is possible to
compute v(S) by applying a polynomial time algorithm. If no such representation is
available, the description of the valuation function might be exponentially large. In such
cases (as in Section or , we assume that the algorithm has oracle access to the
valuation function via queries. The most natural query model is the so called value query
model, where the algorithm can query the value v(.5), for a set S C A. Clearly, the focus
then is on algorithms that can make only a small number of queries, e.g., polynomially
many value queries can be considered acceptable. Another common approach is the
use of demand queries, where a demand oracle receives a vector of prices p1, pa, ..., Pn,
representing candidate payments to the agents, and returns a maximal subset .S such that
S € argmaxreA(V(T) — Y ,cr pt). It turns out that a value query can be simulated by a
polynomial number of demand queries, hence, an algorithm that works with polynomially
many value queries, can also be executed with polynomially many demand queries. The
reverse however is not always true, which means that the demand query model is more
powerful. In the coming sections, most of the results presented concern functions with a
succinct representation or with access via value queries. If this is not the case, we state
explicitly that the result holds under the demand query model.



3 Basic Models: Offline Optimization for Single-parameter
Agents

In the current section, we will analyze first a basic class of models, studied in a big part
of related works (right from the early literature and up until recently), that are relatively
simple to describe, but still contain all the essential challenges within the crowdsourcing
context.

3.1 Main Features

Let A={1,...,n} be the set of potential workers. We will be using the term agent and
worker interchangeably in the sequel. Consider also an auctioneer who is associated with
a set of tasks that he would like to see completed (not necessarily all of them, but enough
so that he gains a sufficient benefit from the final outcome).

Although there are differences in the precise models used in the papers discussed in
this section, they all share the following features:

e Atomic tasks. Each task under consideration is distinct, not decomposable into
sub-tasks, and not dependent on the completion of any other tasks.

e Offline optimization. We assume that we are only examining a certain time win-
dow or snapshot of a system and that all the necessary information for determining
how to assign the tasks is available right at the beginning of this time window. This
means that all the workers under consideration are available for the whole dura-
tion of this period, and that the tasks are posted from the beginning, and can be
executed at any time during the snapshot.

e Single-parameter agents. This involves the amount of private information that
an agent is asked to reveal to the auctioneer. By single-parameter agents, we refer
to workers who submit only one parameter to the mechanism, typically their cost
for executing the assigned tasks. This assumption can capture several different
scenarios. E.g., for an agent i, her cost ¢; could simply be the cost incurred to her for
executing a single task. In other cases, it can denote the cost for executing a specific
collection of tasks that the worker is capable of. Regardless of the interpretation of
the cost ¢;, all these settings can be treated in a unified manner from the viewpoint
of mechanism design.

Under the assumption of single-parameter agents, there is a general methodology for
obtaining truthful mechanisms due to the celebrated result of Myerson [29]. In more
detail, in order to design a truthful mechanism M = (f,p), one needs to focus only on
enforcing a certain property on the allocation rule f, as defined below.

Definition 3.1. We say that an allocation rule f is monotone, if for every agent i € A,
and any vector of cost declarations b, if i € f(b), then i € f(b},b_;) for b, < b;.

In other words, Definition [3.1]simply means that if an agent i is selected in the outcome
by declaring cost b;, then by declaring a lower cost for offering the same service, he should
still be selected. Myerson’s lemma below implies that monotone allocation algorithms
admit truthful payment schemes.



Lemma 3.2 (Myerson’s lemma [29]). Given a monotone algorithm f, there is a unique
payment scheme p such that (f,p) is a truthful and individually rational mechanism, given
by
SUDp. cle. .00 b1 € bi,bfi s if i€ f(b
pilb) = { Pb,€le;,00)1 f( )} f(b)

0, otherwise

The payments in Lemma [3.2] are often referred to as threshold payments, since they
indicate the threshold at which an agent stops being selected. Myerson’s lemma greatly
simplifies the design of truthful mechanisms by focusing only on constructing monotone
algorithms and not having to worry about the payment scheme. Once a monotone al-
location algorithm has been established, the corresponding payments to the agents can
be computed either by a direct formula (in simpler settings) or by an appropriate binary
search. For all the algorithms presented within Section [3], we assume that the underlying
payment scheme is given by Myerson’s lemma.

3.2 Mechanism Design under Budget Constraints

In this subsection, we discuss a family of models that were originally introduced by Singer
[35], and whose common aspect is the existence of a strict upper bound for the payments
made by the auctioneer. In a budget-constrained reverse-auction, the auctioneer has a
budget B > 0, denoting the maximum amount that can be spent for payments to all
agents. Each participating agent ¢ is single-parameter, and has a private cost ¢; > 0
associated with the service that she can offer to the auctioneer (which can correspond to
a single task or a collection of tasks). Moreover, each agent i is asked to submit an offer
b; to the auctioneer, which may or may not be equal to the actual private cost c;.

As already described in Section [2| a valuation function is associated with the auc-
tioneer, in the form v : P(A) — R, where P(A) is the powerset of the set of agents, A.
Hence, v(S) denotes the value (which can be thought of as the level of profit or happiness)
derived by the auctioneer if he selects the set S of agents as the auction winners. It is
also assumed that when a set S of agents is selected as the winners, these agents are com-
mitted to executing the tasks corresponding to their offer. To summarize, the auctioneer
collects the offers of the agents, and then needs to select a set S C A, as the winning
agents, along with a payment to each winner. Let p; denote the payment issued to agent
i. The property of individual rationality dictates that p; > b; for every winning agent,
i.e., a winner cannot be paid less than her declared cost for the tasks. At the same time,
the constraint of budget feasibility requires that the total sum of all payments cannot
exceed the budget B.

Therefore, a natural goal for the auctioneer under this model, is to design a truthful
mechanism for maximizing his attained value under the given constraints, which results
in solving the following optimization problem:

maximize v(S)

s.t. SCA
ZPiSB
€S
piZbi, Vie S
p; =0, VZEA\S

We stress that budget feasibility makes the problem more challenging, with respect to
truthfulness, as it already rules out some standard approaches, as the VCG mechanism.
It is well known that the algorithmic versions of the problems of interest here, often admit



constant factor approximation algorithms, but it is not clear how to appropriately convert
them into truthful budget feasible mechanisms. What is even more interesting is that the
problem is nontrivial even if we allow exponential time algorithms, since computational
power does not necessarily make the problem easier (see the discussion in [14]). This is
in stark contrast to the case where there are no budget constraints, where in exponential
worst-case time, we can always have a truthful mechanism (VCG). All these issues create
an intriguing landscape, where one needs to strike a balance between the incentives of the
agents, the budget constraints, and the computational requirements.

Unfortunately, even if we drop the requirement for truthfulness and even for simple
additive valuation functions, the problem is NP-hard and cannot be solved efficiently.
To briefly justify why this is the case, when v(S) is additive, one can observe that the
problem simply degenerates to a Knapsack problem. Since computational efficiency is
not compatible with optimizing the auctioneer’s valuation function, most of the litera-
ture has focused on finding mechanisms with provable approximation guarantees with
respect to the optimal budget-feasible solution. To be more precise about the notion of
approximation that will be examined, let OPT(A, B) denote the optimal solution for the
auctioneer’s value under the budget B, when the set of available workers is A, and when
all workers are truthful. We use the following, quite standard notion of multiplicative
approximation for evaluating a task assignment.

Definition 3.3. We say that a mechanism achieves a p-approximation for p > 1, if for
any instance, it selects a set S C A such that v(S) > 1/p- OPT(A, B).

Hence, eventually the goal of the auctioneer is to design a truthful, individually ratio-
nal, budget-feasible mechanism that achieves the best possible approximation guarantee
in polynomial time. The results that have been obtained so far along this direction in the
literature are dependent on the assumption that is made about the auctioneer’s valuation
function. We find it appropriate to follow this categorization in the sequel as well.

3.2.1 Additive and Submodular Valuations

Among the related works, we stress that additive and submodular valuation functions
are the most well studied families due to their applicability in modeling procurement
problems. We therefore start with highlighting the most important ideas that have been
employed in these cases.

For such functions, most of the literature has used a greedy approach for constructing
truthful mechanisms. We should note however that one cannot use a completely naive
greedy algorithm as this may affect both the approximation guarantee and the incentives
of the mechanism. Hence one needs to be slightly more careful in order to enforce the
desirable properties. We describe now the general mechanism design framework that
has been used, which was first demonstrated by Singer [35], and by Chen et al. [I0].
Namely, we present the mechanisms [RAND-MECH-SM| and [MECH-SM| a randomized
mechanism and its corresponding deterministic version. For these mechanisms, we have
chosen to present here the improved analysis by [23] for their approximation ratio, but
before stating these mechanisms and their analysis it is important to focus on a greedy
procedure which plays a crucial role in both of them.




GREEDY-SM (A4, v,c, B/2) [10]

1 Letk=1and S=10

2 while k£ < |A| and v(SU{k}) > v(S) and ¢ < g . % do
3 L S =SuU{k}

4 k=k+1

5 return S

The greedy mechanism is a greedy algorithm that picks agents according
to their ratio of marginal value over cost, given that this cost is not too large. For the
sake of presentation, we assume the agents are sorted in descending order with respect
to this ratio. The marginal value of each agent is calculated with respect to the previous
agents in the ordering, i.e., 1 = argmax;c 4 %j) and ¢ = arg max;e 4\[;—1 w
1 > 2. To analyze [RAND-MECH-SM)] and its deterministic counterpart, the crucial step is
to establish the guarantee that is provided by which is stated below.

Lemma 3.4 (inferred from [10] and [23]). is monotone. Assuming an

additive or more generally, a (non-decreasing) submodular function v and the payments

of Myerson’s lemma, |GREEDY-SM|(A, v, c, B/2) is budget-feasible and outputs a set S
such that v(S) > & - OPT(A, B) — 3 - v(i*).

for

Moving on to the |RAND-MECH-SM| the main idea is that it either accepts only the
agent that provides the highest value, or it runs a greedy procedure with an appropriately
reduced budget.

RAND-MECH-SM(A4,v,c, B) [10]
1 Set A’ ={i| ¢; < B} and i* € argmax;¢ 4 v(7)
2 return ¢* with probability %, and GREEDY-SM(A, v, ¢, B/2) with probability %

A derandomized version of RAND-MECH-SM]|is also provided by [10]. It has all the
desired properties, while suffering a small loss on the approximation factor. Following

the improved analysis of [23], we fine-tune this derandomized mechanism to obtain the
deterministic mechanism [MECH-SM] below.

MECH-SM(A, v, c, B)
1 Set A’ ={i| ¢; < B} and i* € argmax;c 4 v(7)
2 if (2+v/6) - v(i*) > oPT(A\ {i*}, B) then

3 return ¢*

4 else
5 L return GREEDY-SM(A,v,c, B/2)

Using Lemma[3.4] one can then analyze the mechanisms and establish their worst-case
approximation guarantees. The next theorem summarizes the properties of
[SM and [MECH-SMI

Theorem 3.5 (inferred from [10], [23]). |RAND-MECH-SM)| is a randomized mechanism
that runs in polynomial time, it is universally truthful, individually rational, budget-
feasible, and has approximation ratio 5. is a deterministic mechanism, that is
truthful, individually rational, budget-feasible, and has approzimation ratio 3 + /6.

For submodular functions, the guarantees of Theorem 3.5|are the currently best known.
Coming now to the special case of additive functions, the state of the art was recently



improved by [19]. The approach of [19] is to use first a greedy scheme in order to exclude
low walue-per-cost agents, as before. In the second phase of their algorithms, a type of
posted-pricing scheme is used for the remaining agents. The currently best approximation
guarantees for additive valuations are summarized as follows.

Theorem 3.6 ([19]). For additive valuations, there exists a truthful, randomized poly-
nomaal time, budget-feasible mechanism achieving a 2-approximation ratio. Furthermore,
there exists a truthful, deterministic, polynomial time and budget-feasible mechanism that
achieves a 3-approrimation.

As discussed later in Section the randomized mechanism above cannot be im-
proved upon, and there is only small room for improvement for deterministic mechanisms.
Hence, we can conclude that for additive valuations, the truthful maximization of the auc-
tioneer’s valuation is essentially resolved.

Further assumptions in the input can be made so as to achieve better approxima-
tion guarantees. A representative example is the so-called, large markets assumption and
crowdsourcing markets often form a good representative example of this situation. Infor-
mally speaking, a market is considered to be large if no single agent can have a significant
effect on the final outcome. Mathematically, the precise definition may depend on the
model, but the intuition remains the same. For the single-parameter, budget-constrained
models that we study in this section, the most typical large market assumption is that
Cmaz/B — 0, where ¢4, = max;ca ¢;, and B is the budget. This means that the cost of
any worker that the mechanism may select cannot be a significant fraction of the total
budget available to the auctioneer. This assumption has been utilized in other examples
of big markets, such as the auctions for online advertizing, e.g., see [28] (where they refer
to it as the small bid-to-budget ratio assumption).

In our context, the large market assumption can help in achieving better approxima-
tion guarantees for truthful, budget feasible mechanisms. Namely, in [4], it was proved
that with additive valuation functions, one can have mechanisms with an approximation
of 1 — 1/e, which was also shown to be the best possible. Hence, we can come much
closer to the absolute optimal solution, compared to what we can guarantee without the
assumption. In the same work, improved results where given for submodular valuations
as well.

An alternative way to exploit large market effects is to make an assumption re-
garding the obtained value of the auctioneer instead of the costs incurred. For addi-
tive valuations, the work of [4] considers the assumption vy,q,/OPT(A, B) — 0, where
Umaz = Max;c4 v(7). This means that no worker can be responsible for a significant frac-
tion of the auctioneer’s optimal benefit. The definition can also be used for submodular
valuations, since v(i) is the best marginal value that an agent can contribute to a solu-
tion. In a similar fashion as done with the previous assumption, it has been shown in
[4] that better results can be obtained under large markets for additive and submodular
valuations. Additionally, this version of the large market assumption has also been used
in a richer model with additive valuations by [18], where the auctioneer does not only
need to decide on the set of winners, but also needs to determine which task is allocated
to each agent. This is applicable in cases where each agent can have different skill sets
and the final solution needs to be a matching (in the natural, graph-theoretic modeling
of the problem as a bipartite graph), where precisely one task is allocated to each of the
winners. Constant factor approximation guarantees are established for this model under
the large market assumption, which are also applicable when agents can be assigned more
than one task.
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Non-monotone submodular valuations

We switch now to a variant of the problem, which presents an additional challenge. All
the results mentioned so far have assumed that the valuation function of the auctioneer is
a monotone function, i.e., v(S) > v(T), whenever T' C S. This however may not always be
true. Imagine for example a situation where 2 agents might be incompatible or not well-
fitted with each other. Some agents may also have negative influence on the completion of
a task. To further motivate the study of non-monotone submodular objectives, consider
the following well-studied sensor placement problem [8 [12] 24]: assume that we want
to monitor some spatial phenomenon (e.g., the temperature of a specific environment),
modeled as a Gaussian process. We may place sensing devices on some of the prespecified
locations, but each location has an associated cost. A criterion for finding an optimal such
placement, suggested by Caselton and Zidek [8] for the unit cost case, is to maximize the
mutual information between chosen and non chosen locations, i.e., we search for the subset
of locations that minimizes the uncertainty about the estimates in the remaining space.
Such mutual information objectives are submodular but not monotone. In addition, it
is straightforward to modify this problem to model participatory crowdsensing scenarios
where users have incentives to lie about the true cost of installing a sensor.

Unfortunately, none of the results mentioned so far can be directly generalized for
non-monotone functions. A first approach for deriving mechanisms for non-monotone ob-
jectives was given by [14]. There they focused on the so-called cut functions, a prominent
class of non-monotone submodular functions, as discussed in [33]. By a cut function, it
is meant that v(S5) equals the value of the cut between S and A\ S in an appropriately
defined graph, where agents correspond to vertices. The work of [14] presents a random-
ized greedy scheme, which is then turned into a deterministic mechanism. Although this
is a technically interesting work, that manages to adapt the use of greedy schemes for
non-monotone functions, the final approximation guarantees are prohibitively high.

Later on, [2] considered a more general class of valuation functions that contains cut
functions. In particular, the focus of their work was on symmetricﬂ submodular functions.
Cut functions are a special case and are considered to be a canonical example of this
class. The main results of [2] include significant improvements on the approximation
ratio established for symmetric submodular valuation functions, and provide some partial
answers to the open questions discussed in [I4]. Although their mechanisms do not run
in polynomial time in general, for every such function (the running time depends on
further properties of the function itself), they do so for cut functions and their weighted
generalizations. The results can be summarized as follows:

Theorem 3.7 ([2]). For symmetric submodular functions, there exists a truthful, ran-
domized 10-approzimation budget feasible mechanism. For cut functions, the mechanism
runs in polynomial time, and a deterministic analogue achieves a 27.25-approximation,
also in polynomial time. The latter applies to weighted cut functions as well.

Regarding the approach of [2], the core idea is to exploit a combination of local
search with mechanisms for monotone submodular functions. The reason local search is
convenient for symmetric submodular functions is that it produces two local optima, and
one can then prove that the function v(-) is non-decreasing when restricted to subsets
of each local optimum. By utilizing mechanisms for monotone submodular functions on

2In some works on mechanism design, symmetric submodular functions have a different meaning and
refer to the case where v(.S) depends only on |S|. Here we have adopted the terminology of earlier literature
on submodular optimization, e.g., [17].
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the two subsets, the final step boils down to proving that one of the two solutions will
attain a good approximation. The running time is still an issue under this approach, since
finding an exact local optimum is not guaranteed to terminate fast. However, by finding
approzrimate local optima, one can appropriately adjust the initial framework and obtain
provable approximation guarantees.

Finally, in a recent breakthrough [3], a new mechanism was proposed for arbitrary
non-monotone submodular valuations. The mechanism uses a carefully designed and
fine-tuned greedy approach, which tries to build two candidate solutions simultaneously.
To handle the incentives of the agents, the mechanism needs to prevent them to jump
from one solution to the other by changing their cost. This is done with offering each
agent a take-it or leave-it price. We note that this is a randomized mechanism, and uses
random sampling as an essential building block, to estimate the optimal value. The use of
random sampling is not surprising since it has been common in many other randomized
auction mechanisms. Finding a deterministic mechanism with similar guarantees seems
a technically challenging problem, as one would need to replace the random sampling
approach by some other polynomial-time procedure for estimating the optimal value.
The main result of [3] is summarized below.

Theorem 3.8 ([3]). For arbitrary, non-monotone submodular valuation functions, there
exists a truthful, randomized, budget-feasible mechanism achieving a constant factor ap-
proximation.

We note that although the approximation factor in the above theorem is a large
constant, the mechanism is valuable since it is the first one achieving an approximation
ratio that is independent of the input variables.

3.2.2 Fractionally subadditive (XOS) valuations

We continue with the case of XOS valuations. This forms a strict superclass of submodular
valuation functions, defined as follows. The value for any subset S C A of agents is taken
as the maximum among a collection of additive valuations. Hence, an XOS function v(-)
is defined by a set of additive valuation functions a1, as, ..., a,, for some r € N, such
that v(S) = max{a(S), a2(5),...,a,(S)} for any S C A. We note that other equivalent
definitions also exist, however this one is technically convenient in certain proof arguments.

The class of XOS functions is very appealing from a mathematical viewpoint, as it
lies between submodular and subadditive functions, and it has already been observed
that in several occasions the analysis of problems concerning submodular optimization is
generalizable to this class.

We will first discuss some results (a deterministic and a randomized mechanism) for a
special class of XOS functions, motivated by matroid theory. Both of these mechanisms
were introduced by Amanatidis et al. [I]. To begin with, we should acquaint ourselves
with the definition of an independence system.

Definition 3.9. An independence system is a pair (U, I), where U is an arbitrary finite
set and I C P(U) is a family of subsets, whose members are called independent sets of U
and satisfy:

1. 0el

2. IfBel and AC B then A€ I.
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Note that if in the above definition, we additionally require that the exchange property
must be satisfied (which is: if A, B € I with |A| < |B|, then 3z € B\ A: AU{z} € I), we
have precisely the definition of a matroid (U, I). Since Knapsack problems with matroid
constaints have been well studied, it is now natural to define a variant of the Knapsack
problem where the feasible solutions are constrained to an independence system. Let
Independence System Knapsack (ISK) be the computational problem for which, given an
independence system (U, I') with costs ¢; and values v; on the elements of U, as well as a

budget B, the goal is to find S € I that maximizes Z v; subject to Z ¢ < B.
(2 (2

The following observations illustrate the signiﬁczfrfce of Independgrb;ce System Knap-
sack (ISK from now on), as a wide variety of common problems are in fact special cases of
ISK. Firstly, it is obvious that problems like Budgeted Max Weighted Matroid Member
(where (U, ) is a matroid) can be modeled as ISK problems, since any matroid is also
an independence system. Secondly, if we let U = [n] and I be its powerset, then ISK
reduces to the plain Knapsack problem. Moving on, if U is the set of edges of a given
graph GG, and [ is the set of all matchings of G or the set of all its acyclic subgraphs,
then ISK corresponds to the well known Budgeted Max Weighted Matching problem or
the Budgeted Max Weighted Forest problem respectively. On the other hand, if U is the
set of vertices of a given graph G, and [ is the set of the independent sets of GG, then ISK
coincides with the problem of Budgeted Max Independent Set.

It can be easily proven that every problem which can be formulated as an ISK problem
belongs to the XOS class [I]. Out of these, the problem of Budgeted Max Weighted
Matching, turns out to be a good representative ISK example. We remind the reader
that Budgeted Max Weighted Matching is defined as the problem of finding a matching
of maximum value, subject to a budget constraint B in a given graph, where each edge
e has a cost ¢, and a value v.. The mechanism design version of the problem suggests
that each edge can be viewed as a single-parameter strategic agent whose cost is private
information, whereas the value of each edge is known to the mechanism. For a set of
agents/edges S, if we define as v(S) to be the maximum matching that can be derived
by using only the edges of S, then we have a mechanism design version of Budgeted
Max Weighted Matching with an XOS valuation function. We note that v(S) cannot be
expressed as a submodular function, and therefore none of the results from Section [3.2.1
are directly applicable here.

Regarding the mechanisms, both the deterministic as well as the randomized algorithm
are based on a greedy procedure, referred to as Greedy-ISK in [I], which however differs
from the greedy schemes presented in Section This procedure is parameterized by
a deterministic exact algorithm f for the unbudgeted Max Weighted Matching problem
(e.g., Edmond’s algorithm). The main idea behind the mechanism is that in each iteration
there is an implicit common upper bound on the rate that determines the payment of each
winner in the candidate outcome of the iteration. If the candidate matching is budget
feasible the algorithm stops, otherwise it moves to the next iteration with a smaller subset
of agents. More specifically, it was suggested that having the agents sorted in decreasing
order of cost per value, the common payment per value for every winner provided that
iteration 4, producing a candidate matching M with total value v(M), is upper bounded
by min{v(]i L f)zj} and this bound decreases (at the same time the set of agents also
decreases by one in every step) as the procedure continues, until the set of remaining
agents form a budget feasible solution. Greedy-ISK is proven as monotone (hence truthful
and individually rational) and budget feasible.

To complete the mechanism, one more corrective step is needed for the cases when
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there is a single agent with a very high value. A good compromise can be achieved first in
a randomized way; returning the solution produced by the above described procedure with
probability 2/3 and simply the agent with the maximum value (as a matching with 1 edge,
and paying him exactly B), with probability 1/3, yields a 3-approximation randomized
mechanism. That algorithm can be derandomized achieving a slightly worse (but still
far better than any existing result for the general XOS case) approximation ratio of 4.
The derived deterministic mechanism returns the best solution between the agent that
achieves the maximum value, say ¢*, and the solution produced by Greedy-ISK when
agent ¢* is not present.
The main results can now be summarized as follows:

Theorem 3.10 ([I]). There exists a universally truthful, budget feasible, polynomial time
randomized mechanism, achieving a 3-approximation in expectation for the Budgeted Max
Weighted Matching problem.

Theorem 3.11 ([1]). There exists a truthful, budget feasible, polynomial time determin-
istic mechanism, achieving a 4-approximation for the Budgeted Max Weighted Matching
problem.

Using the same ideas as in the Budgeted Max Weighted Matching problem, one can
generalize there results for other problems that can be formulated as ISK problems. The
main insight is that we can parameterize the above two mechanisms by replacing the
matching algorithm f in the description of Greedy-ISK, by a p(n)-approximation al-
gorithm for the unbudgeted version of any other ISK problem. This also requires an
adjustment of the relevant probabilities from 2/3 to 22&7()"11 and from 1/3 to 2p(rlb) -
This generalization yields the following results:

Theorem 3.12 ([1]). If a deterministic p(n)-approzimation algorithm f for the unbud-
geted version of an Independence System Knapsack problem is given as an auxiliary input
to Greedy-ISK, then there exists a (2p(n)+ 1)-approximate randomized (resp. (2p(n)-+2)-
approximate deterministic), truthful, budget feasible mechanism. Moreover, if f runs in
polynomaeal time, so does the overall mechanism.

We can now move to the general case of arbitrary XOS valuations. This is a much
harder problem, and the first mechanism that worked for any XOS function was a ran-
domized one provided by [7] achieving a 768-approximation, which does not even run
in polynomial time. It also needs to utilize the more powerful demand query model,
as explained in Section for accessing the valuation function. The mechanism picks
uniformly at random either the most valuable agent as the unique winner paying him ex-
actly the budget or the winning set of an auxiliary procedure. The procedure samples in
expectation half the agents and computes the optimal solution of the restricted instance
which roughly indicates the optimal value and thus can be used to compute a threshold
for accepting or rejecting as possible winners, sets formed by the remaining agents. It is
stressed that the mechanism runs in polynomial time for certain classic XOS problems
but in exponential time for general XOS functions.

A better fine-tuning of the above algorithm was later suggested by [26], which achieves
an approximation factor of 436. Yet another modification of the algorithm by [7], was
presented in [2], achieving a factor of 244, which is still, upon our knowledge, the currently
best ratio. The latter mechanism has also a similar structure with the one presented above
for Budgeted Max Weighted Matching, in the sense that with a small constant probability
p, it picks the most valuable agent, paying him with the amount of B, whereas with the
remaining probability, 1 — p, it runs a sampling procedure.
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Theorem 3.13 ([2]). Under the demand query model, there exists a truthful, budget feasi-
ble, randomized mechanism, achieving a 244-approzimation for XOS valuation functions.

3.2.3 Subadditive valuations

Last but not least, we also briefly examine the case of subadditive valuations. This is
a richer class where results have been rather scarce. The only general results that are
known are two mechanisms (one deterministic and one randomized), both introduced by
Dobzinski et al. [I4], where access to a demand oracle is assumed for the valuations, given
that there are already known inapproximability results under the value oracle model [35].

We will now present the main idea behind the randomized algorithm of [14], which only
needs a polynomial amount of demand queries (and it actually can be derandomized). One
of the key components is a procedure for finding a bundle S, of size ¢ such that the value
of any bundle of the same size would be at most 4v(.S,). The randomized budget feasible
approximation mechanism is as follows. Firstly it selects the agent i* = argmaziv(k). It
then creates sets of agents S; for each t € {1,2,..., 2”"9"1}7 using the above procedure
(for a carefully chosen subset of items such that it does not contain i* and the cost is
upper bounded by ﬁ). Finally it chooses universally at random between i* and Uy S;.
The derandomization of that mechanism uses a monotone estimator for the value of the
union, and it then selects the option achieving the highest value between the solution
provided by the estimator and agent *. We note that in both algorithms, the winning
participants are paid the threshold payments according to Myerson’s lemma [29], and now
we summarize the results as follows:

Theorem 3.14 ([14]). There exists a randomized mechanism with a polynomial number
of demand queries, that is universally truthful, budget feasible and provides an expected
approzimation ratio of O(log®n).

The same work also provided a deterministic mechanism, albeit with a slightly worse
guarantee of O(log®n). However, by exploiting the results of the follow up work by [5],
one can get an improvement that matches the same approximation ratio for randomized
mechanisms.

Theorem 3.15 ([14] and [5]). There exists a deterministic mechanism with a polynomial
number of demand queries, that is truthful, budget feasible, and its approximation ratio is

O(log®n).

3.2.4 Impossibility Results under Budget Constraints

In the subsections we presented positive results, i.e., mechanisms where we
could provide an upper bound on the approximation guarantee that is achievable in worst
case. In this section, we present results on the opposite direction, that demonstrate the
limitations of truthful mechanisms. Hence, the central question of this section is:

For a given class of valuation functions, can we provide lower bounds (inapproximability
results) on the worst case guarantee for any truthful and budget feasible mechanism?

The first impossibility result was provided in [35] for additive valuations functions. Namely,
it was shown that no deterministic, truthful and budget feasible mechanism can have an
approximation guarantee better than 2 by the following argument: consider an instance
with two agents, both of unit value (thus, the value of selecting both agents together is 2).
If their costs are (B — €, B —¢€), then at least one agent should be selected (and fits in the
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budget), otherwise the approximation ratio is infinite. Without loss of generality, we can
assume that the first agent wins, and then her payment is at least B — e¢. Now consider
another profile where the costs are (¢, B — €). By truthfulness, the first agent should win
again, and receive a payment of at least B —e. Then, the second agent cannot be selected,
because of the budget constraint and individual rationality. Therefore, the mechanism
can only achieve a total value of 1 for this instance, whereas the optimal solution is 2.
This gives us the lower bound of 2 for deterministic mechanisms.

In [10], the above lower bound was improved to 1+ /2 for deterministic mechanisms,
and additionally, a lower bound of 2 was given for randomized truthful mechanisms.
What is interesting about these results is that they are unconditional, i.e., they are not
dependent on any complexity assumption, like P £ N P, or any assumption on the running
time of the mechanism. Hence, these results do not come from complexity reductions,
but instead they are based on constructing certain families of instances that show why
truthfulness and budget feasibility cannot be compatible with the given approximation
guarantees.

Finally, we also note that these impossibility results are given for additive valuations,
which implies that they also carry over to submodular, XOS and subadditive functions.
Below we summarize the known results.

Theorem 3.16 ([10]). There is no deterministic, truthful, budget feasible mechanism
that can achieve an approzimation ratio better than 1+ /2, even if there are only three
agents. Furthermore, for randomized truthful mechanisms, the approximation ratio cannot
be better than 2, even in the case of two agents.

As we move to richer classes of valuation functions, such as XOS or subadditive func-
tions, it is natural to expect that we can get stronger lower bounds. Indeed, with XOS
functions, the underlying problem is hard even if we drop the requirement for truthful-
ness. To begin with, suppose we want to find an algorithm to approximate the optimal
value of an XOS function subject to a budget constraint, under the value query model.
The following result shows the severe limitations of the value query model.

Theorem 3.17 ([35]). For any constant € > 0, let A be any (possibly randomized) n'/?~¢-

approximation algorithm for mazimizing an XOS function subject to a budget constraint.
Then A requires exponentially many value queries (in expectation if A is randomized).

Lately, this has been strengthened when the valuation function is not monotone to
n'=¢ by [3]. This means that when we allow non-monotone valuations, then essentially
we cannot get any non-trivial approximation with value queries.

Theorem [3.17] shows the necessity of using the more powerful demand query model,
as we have already demonstrated in the earlier subsections. Under demand queries, the
impossibility results for the purely algorithmic version are less severe. The bound shown
in the following theorem by [5], is valid for both randomized and deterministic algorithms
for XOS and subadditive functions (it suffices to establish it for XOS, the smallest of the
two classes).

Theorem 3.18 ([5]). Fiz some constant € > 0. Let A be a (possibly randomized) (2 —€)-
approximation algorithm for maximizing an XOS function subject to a budget constraint.
Then A makes exponentially many demand queries.

It is yet unclear if Theorem [3.18| can be strengthened when we add the truthfulness
requirement. Hence, in combination with the positive results under demand queries from
Sections [3.2.2] and [3.2.3] there is still a large gap with ample room for improvement,
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for the best approximation guarantees of truthful, budget feasible mechanisms (which is
between 2 — e and 244 for XOS functions, and between 2 — e and O(log?m) for subadditive
functions) under demand queries.

3.3 Models without Budget Constraints

Section reveals that a significant part of the literature has focused on mechanism
design under budget constraints for the total payments issued by the auctioneer. A
complementary direction, which is also very natural in several applications is to drop this
requirement, since the auctioneer may not always have a hard limit on his expenditure.

In the absence of budgets, the main objective presented in Section of maximizing
the auctioneer’s valuation function is no longer meaningful. Instead, it is more appropri-
ate to focus on other objectives, which incorporate either the true costs of the agents or
the sum of payments by the auctioneer into the objective function. If we still keep truth-
fulness as a hard-wired requirement, there have been two major approaches that have
been followed. The former concerns the design of truthful, no-deficit mechanisms, i.e.,
mechanisms where the auctioneer never has to pay more than his value for the outcome
(the auctioneer’s final utility is non-negative). The latter involves the (possibly approx-
imate) maximization of the produced social welfare, which equals the auctioneer’s value
minus the total costs of the agents for carrying out the tasks. We will provide a brief
overview over both approaches within this section.

3.3.1 Design of No-deficit Mechanisms

One of the first works on this topic was by [45]. The model considered there assumes a
submodular valuation function for the auctioneer. The final utility of the auctioneer, if
he selects a set S of workers and pays each worker ¢ an amount of p; is

u(S) =v(S) =Y _pi

i€S

The mechanism that is proposed in [45] is once again based on a greedy scheme, by
trying to select at each step the worker that has the best marginal effect on the total
welfare. However this time, in contrast to Section one needs to worry about enforcing
the no-deficit property, hence one cannot accept right away the choices made by the
algorithm. This is done by one additional control check, as illustrated in the mechanism
below. For brevity, we only present the allocation part of the mechanism, since we assume
as before that the payments are the threshold payments, determined by Myerson’s lemma.

GREEDY-NODEFICIT(A, v,c) [45]

1 Set S =0, and i = argmax;c4[v(S U j) —v(S) — ¢j]
2 while ¢; < v(SUi) —v(S5) do
3 S=Su{i}
4 if S # A then
5 L i = argmax,c 4\ g[v(SUj) — v(S) — ¢j]
6 else
L exit

8 return S

The mechanism stops right when it realizes that the agent with the currently largest
marginal contribution has a high cost (higher than its contribution). This enforces that
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the threshold payments will never exceed the total value derived for the auctioneer, and
hence establishes the no-deficit property. If the mechanism admitted such high cost agents
to the final set of selected workers, then by individual rationality it would have to assign a
payment that would exceed the agent’s marginal contribution and therefore the auctioneer
might have been in trouble of deriving negative utility. As for truthfulness, it is quite easy
to see that the allocation algorithm is monotone, therefore Myerson’s lemma is applicable.
To summarize, we can have the following result.

Theorem 3.19 ([45]). The mechanism GREEDY-NODEFICIT is truthful, individually ra-
tional, no-deficit, and runs in polynomial time.

3.3.2 Mechanisms for Social Welfare Maximization

A different approach to the design of no-deficit mechanisms, and somewhat complemen-
tary, is the maximization of the derived social welfare. We recall that the (utilitarian)
social welfare equals the auctioneer’s derived value minus the costs incurred to the agents.
This is a well established criterion of economic efficiency in auctions and it is natural to
consider it in this context as well.

One of the first works that focused on this metric is [16] for a simple setting where the
auctioneer has an additive valuation function and even further obtains the same value v
for every completed task. Each worker is capable of performing any of the available tasks
but may only be allocated one task. For this simple case, the welfare can be maximized
by a very simple greedy algorithm, of essentially picking the cheapest workers.

A richer model was studied in [34], where an additive valuation is also assumed for
the auctioneer, but there is a possibly different value derived for each task. Regarding
the workers’ capabilities, the authors adopt the model of [45], so that each agent i can
perform a set of tasks I'; at a cost ¢;. Compared to [16], the problem in this case becomes
NP-hard, and the main result of [34] is a heuristic algorithm that is based on an Inte-
ger Programming formulation of the problem. In particular, the maximization of social
welfare is equivalent to solving the following integer program.

max ZjeM VT — D e bili

s. t. x; < Zizfjem Yi VjeM
z; € {0,1} Vje M
yi €{0,1} Vie A

In the above formulation, v; is the value derived by the auctioneer when the task
j is completed, for every j7 € M. Given that the integer program cannot be solved in
polynomial time, the authors solve instead the LP relaxation of the program and then
use the fractional solution to propose a greedy algorithm. Namely, the workers are sorted
according to the fractional value y; from the optimal LP solution, since the larger their
value, the more likely it is to increase the profit of the platform, and hence the more
contribution that user can provide. Then each worker in turn is selected as long as she
has a positive marginal effect on the current social welfare. Their algorithm is called
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ProMoT and its pseudocode follows.
PROMOT (M, v,{T';,bi}ica) [34]

Initialize W = ()
Solve LP relaxation of the problem to obtain optimal x*, y* solutions
Sort workers in non increasing order of their value in y* and form their index list
for w € A according to the index list do
Select the corresponding worker w
if v (W U{w} —ov(W) —b(w) > 0 then
| Add wto W

- N

return W

0]

Interestingly, ProMoT turns out to be monotone, and hence we can use Myerson’s
lemma to turn this into a truthful mechanism. Finally, although the authors do not
provide an approximation guarantee for the produced social welfare, the experimental
evaluation shows that the algorithm behaves quite well and obtains close to optimal
solutions.

4 Generalizations and Extensions

In this section, we will examine some generalizations made to the basic models that have
been discussed so far.

4.1 Decomposable Tasks

Most of the studies we have referred to, assume that each crowdsourcing task is an atomic
task that can be completed by one service provider and cannot be further decomposed
into other smaller sub-tasks. However, in some settings, a single service provider may
not be able to finish a task, as it may require the cooperation of more than one service
providers.

Here we consider such scenarios with a set of jobs J = {41, j2, ..., ji}, where the [ jobs
are distinct and each job is indivisible (i.e., not further decomposed into smaller jobs).
The auctioneer announces the set of crowdsourcing tasks T = {t1,t, ..., t; }, where each
of the tasks is a multi-subset of 7, showing how the task decomposes into jobs. The
valuation function of the auctioneer is assumed to be additive with respect to the set of
tasks completed. Finally, it is assumed that each agent ¢ is capable of working on a set
of jobs J; (which is again a multi-subset of [J). The cost ¢; for the agent i to work on .J;,
is private.

The above model is discussed by Zhang et al. [47] and is referred to as Single-requester
Single-bid (SS-Model). Viewed as a reverse auction, each worker 7 submits its bid B; =
(Ji, b;) to the platform, where b; is the payment player i asks in order to complete J;.
Here, it is assumed that only b; is private information to worker ¢, whereas the skill set
J;i is known. In [47], one of the main contributions is a no-deficit, individually rational,
truthful and polynomial time mechanism. The mechanism operates by first selecting a
subset of tasks that satisfies two conditions: 1) selected tasks can be finished by all of
the providers and 2) no monopoly provider exists over the selected tasks. A provider is
called a monopoly provider if its elimination would make the rest of the providers unable
to finish the tasks. The tasks are selected iteratively in a greedy manner based on which
one has the largest value.
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Next, the mechanism determines the allocation of the winning providers for complet-
ing the selected tasks, and their payments. The selection proceeds iteratively. In each
iteration a provider is selected according to the minimum ratio of ask to the number of
jobs that can be used to complete a task. Finally, once the greedy allocation rule has
finished, the payments are calculated according to Myerson’s Theorem [29], since the
allocation algorithm is proved to be monotone.

One extra step is needed though, to check that the total valuation of the tasks com-
pleted is greater than the sum of the payments, in order to ensure that this is indeed a
no-deficit mechanism.

4.2 Multi-parameter Agents

The models that have been discussed can be further generalized by adding more parame-
ters to the problem. One way to do this is by introducing temporal information regarding
the availability of agents. Such a model was presented in the work of Feng et al. [16],
where the tasks as well as the agents arrive dynamically to the system. In this model,
time is divided in slots of equal size, and tasks arrive at random and dynamically to the
system. Each task can be completed within a single slot, it is assigned to at most one
user and can be processed by any available user. The model uses the reverse auction
framework already described.

The reverse auction is executed round by round. Each round is of equal size, containing
m time slots. Within each round, tasks and agents can join dynamically. We will describe
within this subsection the offline case that concerns each round, and where the future
availability of the agents can be known in advance. In particular, each agent ¢ is asked to
submit a bid in the form B; = (a;,d;,b;), where a; denotes the begin of the active time
for agent i (arrival time), d; is the end of his active time (departure time), and b; is the
claimed cost for providing the service. All three parameters are assumed to be private
information and can be misreported in the aim of profit maximization. The system then
determines the allocation rule and the payments for the winning agents, and this analysis
is applied to each round separately. As for the auctioneer, the valuation function is taken
to be symmetric additive, meaning that for a given set S, v(S) = v-|S|, for some constant
v. Hence, the auctioneer derives a value of v for every task completed.

Under this setup, a truthful, individually rational and computationally efficient algo-
rithm for the problem is presented in [I6]. In the first step the problem is transformed to
a maximum matching problem. For a bipartite graph G with two distinct sets of vertices
X,Y, each task is a vertex in X and each agent a vertex in Y. Each pair of vertices
share an edge with weight equal to the value of the task minus the posted cost from the
agent, if the agent is available in the corresponding slot, otherwise, the weight is 0. In
the next step the algorithm finds the maximum weighted matching M by employing the
Hungarian algorithm [25]. Based on M, the task allocation is determined as follows, for
each edge (u,v) in M the task represented by w is assigned to the agent represented by v.
In the final step, the algorithm determines the payments of the winning bids, by running
the well known VCG mechanism [32]. To summarize, we can have the following result.

Theorem 4.1 ([16]). There is a truthful, individually rational and computationally effi-
cient mechanism for the mazimization of social welfare, under the multi-parameter model
of [16)], for symmetric additive valuation functions.

We now move on to a different multi-parameter model, by allowing agents to submit
multiple offers on different subsets of tasks. Such a model was presented in [47], and was
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referred to as Single requester-Multiple bid (SM-model), with the additional assumption
that each agent can be assigned to work on at most one of the subsets of tasks he bids for.
The model is almost identical with the SS-model described in Section the only dif-
ference being that each agent submits a set of bids A; = {(J}, al), (J2,a?), ..., (J7?,al")},
where Jf is a multi-subset of 7 and af is the declared payment asked in order to complete
JE. For each i € {1,2,...,n} and each k € {1,2,...0;}, there is an actual cost c¥ > 0,
which is private information, only known to agent i. Hence, each agent i has o; private
parameters.

The proposed algorithm works just like the SS-model. The platform announces the
set of tasks 7', and each provider P; submits its bids B; = {(J},b}), (J2,0?), ..., (J7*,b7%)}
to the platform. Upon receiving the bids, the platform selects the set of winning providers
W C P, assigns each ¢ € W to work on exactly one of the offers made by i, say Jf @ Where
d(i) € {1,...,0;}. The allocation algorithm is a greedy algorithm, extending essentially
the idea described in Section In the SM-model, each provider can submit multiple
bids with multiple sets of jobs that he is willing to work on. Therefore, in the allocation
algorithm, the mechanism not only selects the winning agents, but also determines the
specific job set that each winner will work on. More specifically, the selection algorithm
proceeds iteratively. In each iteration, the algorithm selects the job set Jik: with the
minimum ask value and takes its owner ¢* as a winner. Player ¢* is assigned to work on
Jﬁ* and will not be assigned to any other jobs throughout the algorithm.

Regarding the payments, the problem now is that one cannot apply directly Myerson’s
lemma, since we are not in a single-parameter setting. However, by adjusting carefully,
the ideas behind 2nd price auctions, it can be establishedé’gl)lat there exist payments so

(2

that no deficit is created and for each i, we have p; > a; Hence, at the end, each

winning worker ¢ is assigned to complete precisely the tasks in Jf (i), and receives the
payment p; from the platform. This results in a polynomial time, no-deficit, individually
rational, and truthful mechanism, as summarized below.

Theorem 4.2 ([47]). There is a truthful, no-deficit, individually rational and computa-
tionally efficient mechanism for additive valuation functions in both the single and the
multi-parameter model, under the condition that for the multi-parameter setting the win-
ning bidders are assigned to only one of their bids.

Finally, in [47], an even more general model is presented, referred to as the MM-
model. Here there are multiple service requesters and workers as well. The platform
working as the auctioneer, receives bids both from requesters and providers. By using
similar algorithms as described in the previous models, we can have truthful algorithms
for selecting the set of winning requesters and winning providers.

4.3 Online Models for Crowdsourcing Markets

In Section [3] we assumed that all the information needed by the mechanism to decide
which agents to select is available right from the beginning. This is a reasonable assump-
tion if one wants to study an isolated snapshot of the problem at a given time. However,
if one wants to investigate how does a mechanism perform over a period of time, it is very
natural to resort to online models, where agents may have different arrival and departure
times which are not known in advance, and the auctioneer needs to make decisions based
on the input seen so far. In the sequel we will study two main research directions that
have been explored.
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4.3.1 Online Truthful Mechanisms

Even in dynamic settings, where agents or tasks arrive at different times, one may still
consider the question of designing a truthful mechanism. Again, the appropriate use of
greedy algorithms is crucial for enforcing the right incentives. Regarding performance
guarantees, in online algorithms, one cannot expect to be able to always find the optimal
solution, given the uncertainty about the input. Therefore, in a similar spirit as in offline
approximation guarantees, one is interested in algorithms whose solution is within some
bound from the exact offline optimal solution, i.e., using the rather strict benchmark of
the best solution if we knew in advance all the input. The minimum such bound is referred
to as the competitive ratio of an online algorithm.

Starting with the budget-constrained model from Section one of the first works to
consider an online version of the problem was [36]. In their setting, called random arrival
model, the auctioneer has a set of tasks with a common completion deadline T', and
workers are i.i.d., arriving randomly according to some distribution on the possible time
slots t € {1,...,T}. The valuation function of the auctioneer is symmetric additive, i.e., a
special case of an additive function, namely v(S) = |S|. This means that the auctioneer
cares for maximizing just the number of completed tasks. Hence, the overall goal is to
design a truthful mechanism that respects the budget constraint and is competitive with
respect to the value derived for the auctioneer. The main result in [36] applies one of the
typical approaches in online algorithms, where the input is sampled during the first half
of the time slots, in order to estimate a threshold price. This is then used for selecting
the winning workers. This approach yields a constant approximation to the optimal. The
constant is rather large, but still, this is one of the first positive results, in the context
of online algorithms, and provides some optimism that one can also tackle more involved
valuation functions.

Theorem 4.3 ([36]). Under the random arrival model of [36]], and for symmetric additive
valuations, there exists a truthful, budget feasible, and O(1)-competitive mechanism.

Some extensions to richer valuation functions have been obtained in [6], which focused
on the performance of posted price mechanisms for procurement auctions. Posted price
mechanisms form a special case of simple truthful mechanisms where agents are offered a
payment not dependent on their bid (a different payment may be offered to each agent),
who need in turn to decide whether to accept or reject the offer. Posted-price mechanisms
may have worse guarantees than other more refined truthful mechanisms. However, it is
a simple and intuitive solution that can be competitive in certain special cases.

In [6], it is assumed that the workers arrive in an online fashion and 3 different
variations are examined with respect to the order of arrival: the adversarial model, the
secretary model, and the 7.7.d. model. In the adversarial model, the worst case costs and
arrival order are controlled by an adversary, whereas in the secretary model, the arrival
order is assumed to be a random permutation (but the costs of the agents may still be
controlled by an adversary). Finally, in the i.i.d. model, the cost of each arriving agent
is drawn independently from a common distribution. Naturally, the adversarial case is
the hardest to tackle, whereas the i.i.d. model provides more information that could be
exploited by a mechanism.

The main results of [6] are two posted-price mechanisms, where the first one achieves
O(1)-competitiveness for symmetric submodular valuation functions under the i.i.d. model,
and the second one is O(logn)-competitive for general monotone submodular functions
under the secretary model. The main message that can be extracted from these results
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is that posted price mechanisms can be a suitable approach for designing truthful mech-
anisms in online models.

Moving on, [6] also proposed a non-posted price mechanism for submodular valuations.
This is based on a similar 2-stage process as in [36], where the input is sampled to estimate
an approximation to the optimal solution and a threshold value that determines the final
allocation. The main drawback of such approaches is that in order to ensure truthfulness,
the set of agents sampled in the first stage has to be rejected, i.e., these agents are only
used for estimating the price to be paid by the other agents. If they are not rejected, there
may exist incentives for misreporting and truthfulness cannot be guaranteed. To alleviate
this, the work of [49] has addressed the need for the Consumer Sovereignty property,
saying that any agent can be among the selected workers, if he submits a low enough
offer, given the offers of other agents. This is a property that can be more easily enforced
in offline mechanisms, but is more challenging in online models where some agents are
used only for sampling purposes. To deal with this, [49] proposed a multi-stage sampling
process, dynamically increasing the sampling size and keeping track of not exhausting the
budget. The following summarizes the established results for submodular valuations.

Theorem 4.4 ([6] and [49]). For submodular valuations, there exists a truthful, budget
feasible mechanism that is O(1)-competitive under the secretary model. Furthermore, the
same holds under the i.i.d. model and under the Consumer Sovereignty requirement.

Yet more progress was recently made in [3] for the secretary model. In particular, the
approach of [3] for the offline case, explained in Section was shown to go through
under random arrivals of the agents. This implies that we can have O(1)-competitive
mechanisms even for non-monotone submodular valuations. Although the constants that
are hidden in the O(1) are rather large in all the results mentioned in this subsection, it
is still important that one can get truthful mechanisms whose competitive ratio does not
depend on the number of agents or tasks.

Finally, apart from the budget-constrained setting, online models have also been con-
sidered for the case where there is no hard constraint on the expenditure of the auctioneer.
In the absence of budgets, one of the main objectives is to optimize the generated social
welfare. This is addressed in [I6], which studies a model with both tasks and agents ar-
riving at random within a given period of time. The authors focus on the special case of
symmetric additive valuations, where for every set S, v(S) = v - |S|, for some constant v.
The main result in [16] is a simple greedy algorithm, showing that under the i.i.d. model,
one can have a truthful, 1/2-competitive mechanism with respect to social welfare max-
imization. Obtaining such small constant approximation guarantees for richer valuation
functions is still not known.

4.3.2 Learning-based Mechanisms

A related approach that is appropriate for online models is the use of ideas from machine
learning, such as multi-armed bandit methodologies, the exploration-exploitation frame-
work and no-regret algorithms. Under such mechanisms, one tries to strike a balance
between exploring further the agents under consideration, and exploiting the knowledge
the algorithm has already obtained from previous rounds. As a result, one may relax
the requirement of truthfulness, but still ensure that agents will have negligible regret for
being truthful.

In [37], the i.i.d. model is analyzed under this framework, where agents are assumed to
arrive one at a time, and their costs are drawn from the same distribution independently.
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The paper proposes a greedy posted-price mechanism, where the price slightly increases
from one round to the next. The algorithm fits under the multi-armed bandit framework,
where the workers correspond to the ”arms” that the auctioneer can pull in each round
in order to explore the available options. The main theoretical results of [37] is that
for the case of additive valuations under budget constraints, their algorithm achieves
an average regret that tends to 0. Furthermore, the performance of the algorithm is
examined experimentally, and is compared against various benchmarks. Among them,
the two major benchmarks are the best offline optimal solution, as well as the best offline
fixed price solution (offering the same reward to all selected agents). It is demonstrated
that the no-regret algorithm performs very well and comes near these two benchmarks on
average.

Another approach was taken by [22], where they also look at additive valuations and
propose an algorithm based on the primal-dual formulation of the problem, inspired by
a similar analysis for auctions in online advertizing. The online primal-dual framework
yields a two-stage exploration-exploitation framework, which outperforms greedy algo-
rithms in this setting. By using the dual program (which is equivalent to optimizing the
primal program), the first phase consists of a number of exploration rounds where the
algorithm learns skill levels of the workers. The remaining rounds simply allocate tasks
S0 as to maximize the marginal utility. Apart from the experimental evaluation, it is also
proven that the algorithm achieves a competitive ratio that is dependent on the fraction
of rounds that is spent on the sampling (exploration) phase.

Finally, yet another work along a similar spirit is [40]. Again, a multi-armed bandit
type algorithm was proposed for additive valuations under budget constraints, where
the exploration phase is completely distinct from exploitation. Namely, the proposed
algorithm is referred to as an e-first policy, where an e fraction of the budget is first
spent for uniform exploration, and then a greedy knapsack-based algorithm is used for
exploitation. The work establishes theoretical bounds on the regret of such classes of
algorithms, based on the relevant parameters, while also showing a promising experimental
performance of the overall approach.

5 Spatial Models

In this section, we consider types of crowdsourcing markets having spatial attributes and,
mainly, where there are explicit requirements for completing all (or a range of) the given
tasks. Such a special form of crowdsourcing systems has emerged from applications where
the tasks are located in specific positions or require from the workers to physically move
to certain locations. This is usually referred to as spatial crowdsourcing, and one can
even further generalize this by adding the dimension of time and have spatio-temporal
constraints. Several scenarios from mobile crowdsourcing or from participatory sensing
can fall under this framework, since they require the workers to be in specific locations
in order to transmit sensor information from the geographic areas under consideration.
Most models in spatial crowdsourcing need first to specify the type of tasks and the
location-dependent information. In some scenarios, the task is simply located in a certain
position within a metric space, whereas in other scenarios, a task may consist of an origin
and a destination, and the assigned worker needs to travel from the former to the latter
position. In addition, it is common to have a travel budget, meaning that there can be
time limits on the travel time or generally on the cost of traveling from an origin to a
destination (if there are deadlines on the completion of the tasks). The workers can also
have their own arrival and departure times and in general, all the extensions of the most
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basic models presented in Section [4] are applicable here as well.

At what follows, we will mainly focus at the single-dimensional case where, addition-
ally, coverage constraints occur. For more general models, very recently, two relevant
surveys have been published in [39] and [20], which cover to a big extent the literature on
spatial crowdsourcing. Therefore, at the end of the section, we will only briefly comment
on some of the defining features in such systems and we refer the reader to these two
sources for a more complete exposition on related research.

To motivate the setting that we discuss in the sequel, we note that many real-world
crowdsourcing applications have strong requirements of data integrity. Suppose that an
authority needs to allocate tasks of data retrieval to potential workers. In practice, it is
natural to only accept a solution as feasible if it meets a coverage requirement meaning
that all tasks publicized by the planner are being accomplished, since otherwise the value
of fragmented data may be significantly lower than expected. We will now present some
works that define and investigate models with coverage constraints from an algorithmic
(non-strategic) and game-theoretic (strategic) point of view. We refer to the corresponding
papers for further discussions on the wider applicability of such models.

A scenario with strategic crowdworkers who wish to perform tasks that share a natural
linear ordering is being considered in [I3]. In the examined model, a planner wishes to hire
some workers to perform a set of similar binary labelling tasks which (unlike the tasks
on platforms like Amazon Mechanical Turk) require significant cost from the workers’
part. It is also assumed that the tasks are ordered on a line (which can correspond
either to some sort of geographic proximity, or any other form of linear ordering). Each
worker has a (known to the planner) quality level, which comes from the probability of
identifying the true label of any task, which can be computed possibly by previous task
assignments or review ratings. Furthermore, each agent ¢ is single-minded in the sense
that she is interested in executing precisely a set S; of contiguous tasks (according to
the linear ordering). This means that S; forms an interval of tasks and if agent i is
selected, then she will execute all the tasks of S;. Because of the potential existence of
low-quality workers there may also be a need of assigning more than a single worker per
task so as to successfully execute it (at least up to certain extent, given the specified
threshold on inference quality for each task, i.e. a covering constraint). Each worker may
act strategically and misreport either her true cost for performing the declared tasks or
the set of tasks she can execute. The goal of the proposed interval-cover mechanism is to
allocate the tasks to a set of crowdworkers, so as to minimize the overall payment cost, in
a way that the quality of the allocated workers to each task meet a predefined threshold.

Starting with the case where all the workers have the same quality (a scenario that
is called homogeneous) and considering the problem from its algorithmic viewpoint, it is
natural to inspect the Integer Program of the problem as given below. Concerning the
notation, let A be the set of workers, T be the set of tasks, b; be the claimed bid of worker
i and for every worker i and task j it is true that ¢ € s(j) if task j is located in the interval
that the worker 7 is capable of executing. Additionally let n; be the threshold that should
be reached so as task j can be considered as implemented and which can be efficiently
computed taking into account the contribution of the workers that belong to s(7).

min E bix;

i€A
s.t. Z x; >n;,VjeT
i€ANs(j)
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x; €{0,1},Vie A

Interestingly, when the first constraint is written in matrix form, i.e. Mz > n, and
because of the contiguous structure of the workers’ bids, it can be observed that M satisfies
a property known as total unimodularity, which is that in each column, the 1’s appear in
a contiguous sequence. Linear relaxations of Integer Programs having a constraint matrix
M that is totally unimodular admit polynomial time algorithms that yield an integer
solution. For the case of workers with different quality (heterogeneous scenario), total
unimodularity does not hold anymore and the problem becomes computationally hard
even for a single interval since Knapsack can be reduced to it. In that case, a polynomial
algorithm that approximates the optimal solution exists since the problem is equivalent
to a known optimization problem (referred to as (0,1)-RESALL in [9]), which admits a
primal-dual 4-approximation algorithm.

Moving on to the strategic setting, since the homogeneous case can be optimally
solved in polynomial time, the VCG payment rule results to a truthful and individually
rational mechanism that minimizes the total cost of the workers. Hence, this completely
resolves the mechanism design problem for the homogeneous scenario. At what concerns
the strategic, heterogeneous setting, the work of [I3] provides a monotone allocation algo-
rithm, and thus resulting in a truthful mechanism by using Myerson’s payment formula.
At the same time, the mechanism also provides an approximation to the optimum total
payment cost, but by a factor that is non-constant in the input size. In more detail, the
approximation factor is roughly a multiple of the ratio between the maximum and the
minimum quality of workers. To our knowledge, no improvements of this result have been
proved. The following theorem summarizes this discussion:

Theorem 5.1 ([13]). The task allocation problem under the interval coverage constraints
18

e optimally solvable in polynomial time in the non-strategic setting of the homogeneous
scenario and, as a consequence, an optimal truthful, individually rational mechanism
exists for its strategic counterpart.

o 4-approximable in polynomial time in the non-strategic setting of the heterogeneous

scenario and its strategic counterpart is Q%ﬂppmximable using a computa-
tionally efficient, individually rational, truthful mechanism, where pmaz (Pmin) 1S
the mazimum (resp. minimum) quality of any crowdworker.

A similar problem but with a different optimization objective has been considered in
[44]. In that work there is a time-interval S, that contains one task per time unit in it,
that needs to be covered with no cardinality or quality constraints. Each crowdworker
declares a bid for executing the tasks included in either one or multiple intervals (called
time-windows) intersecting with S. Supposing that the workers can only misreport their
true costs and not their time intervals (since the interval-truthfulness can be achieved
using a verifying protocol), the objective is, as before, to minimize the social cost, or
equivalently, the sum of true costs of the selected workers. For the case where every
worker bids on a single interval, the algorithmic problem can be efficiently solved using
a dynamic programming procedure and thus, the VCG mechanism works for the corre-
sponding strategic setting. On the other hand, allowing workers to work on more than one
interval makes the algorithmic problem NP-hard, but a polynomial, individually rational
and truthful mechanism that achieves an approximation ratio asymptotically bounded by
the natural logarithm of the number of tasks in S exists. More precisely, the main results
of this work are the following:
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Theorem 5.2 ([44]). The task allocation problem with the interval coverage constraints,
admits

e an optimal algorithm in polynomial time in the non-strategic setting of the single
time-windows scenario and, as a consequence, an optimal truthful, individually ra-
tional mechanism exists for its strategic counterpart.

e a computationally efficient, individually rational, truthful mechanism for the multi-
ple time-windows scenario, that is (In|S| + 1)-approzimate, where |S| denotes the
length of the overall time interval, i.e. the number of time units contained in S.

Moving a step away of the intervals and regarding the optimization objectives, in a
similar spirit as before, there is often a coverage requirement for completing all tasks
pertaining to a specific Region of Interest (Rol), e.g., collecting sensor information for
environmental purposes in a given region, or collecting traffic information from the down-
town area of a city. As a result, and in contrast to previous sections, it may not be
meaningful to maximize the auctioneer’s valuation function, but instead it is more natu-
ral to minimize the total cost for satisfying the coverage requirements and for completing
all the tasks. In parallel to this, when there are no strict coverage requirements, then one
can still utilize the performance metrics that we saw in Section 3] such as the maximization
of the auctioneer’s utility or the derived social welfare, see among others [21].

Finally, regarding incentive mechanisms, one could insist as before on truthful mech-
anisms, such as the work of [I5] for location aware tasks. However, we stress that in
contrast to Sections [3| and [4] incentive compatibility has not been always a strong re-
quirement in related works. Omne of the reasons is that many of these problems are
highly related to well known geometric or graph-theoretic optimization problems (includ-
ing covering and/or routing problems) and the focus of many previous works has been on
appropriately adjusting these models to work for crowdsourcing as well. Another reason
is that due to the geometric nature, travel times and costs are often verifiable, and hence
the workers may not be able to misreport their costs. Some pricing mechanisms however
have been explored, and though not truthful in worst case, they try to ensure individual
rationality or other guarantees, as demonstrated in [39] and [20].

6 Reputation-based Mechanisms

So far, the workers have been assumed strategic in their cost declaration for winning
the different auction mechanisms; at the same time, the workers were always assumed
to deliver a service of acceptable quality. In this section, the quality of contribution is
determined based on the hidden type of the worker or based on the hidden behaviour
(i.e., costly effort) exerted by the worker while performing a task.

6.1 Reputation-based worker selection and isolation

The paper in [48] considers strategic workers of hidden behavior that may deliver or not
services of acceptable quality, while being paid upfront in a moral hazard context.

The paper in [48] aims to social-welfare maximization in a setting of strategic workers.
Truthfulness of workers is approached as a Pareto-efficient equilibrium strategy in the
presence of a social norm based on a reputation scheme for their performance. The model
is the common one in online reputation mechanisms, where the requester pays the worker
upfront to perform a task and the reputation of the latter depends on its effort in the
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transaction. A threshold reputation policy is employed, whereas workers with reputation
lower than a certain value are excluded from transactions for a number of rounds.

Different from the traditional models in the design of pricing schemes where the in-
teractions between workers and requesters are usually formalized as a one-shot game,
repeated interactions between requesters and workers are captured within the formalism
of repeated games. To formalize the reputation scheme, social norms, which consist of
a social strategy and a reputation scheme, are introduced to regulate the behavior of
workers. An appropriate social norm is designed to punish workers’ deviations from the
selected social strategy (i.e., exerting high effort), and the workers’ equilibrium behaviors
based the benefit and cost of tasks as well as their patience are rigorously analysed. Sub-
sequently, the sufficient and necessary conditions under which the workers comply with
the prescribed social strategy are quantified.

Formally, the payment p of the requester to the worker is ex-ante, i.e., given up-front,
while a portion 1 — X is kept by the website as a transaction fee. In a transaction, workers
can exert a binary effort A = {H, L}, where H stands for “High Effort” and L stands for
“Low Effort”. High effort has a cost ¢ for the worker, while low effort has zero cost. The
effort exerted by a worker can be erroneously observed with probability o << 1. A social
norm «, which is chosen by the protocol designer, is composed of a social strategy o, a
reputation scheme 7, and a reputation set ©. A social strategy o determines a service
threshold h(o) € {1, ..., K} upon social norm &, such that workers with lower reputation
values are excluded from transactions for h(o) time slots. For a worker of reputation 6
that selected an action a € A, the reputation scheme adopted is as follows:

min{K,,0 +1} ifa=H and 6§ > hy

) -1 ifa=Land 6> h, +1
T(fa) =4 ifa=1Land 0= h, (1)
0+1 if0 < h,

As defined in [48], a social norm k = (o,7) is an equilibrium one if and only if the
worker cannot benefit from a single deviation from the social strategy. Also, as defined
in [48], a protocol (k, A) is sustainable if and only if k is a social norm equilibrium.

Theorem 6.1 (Theorem 1 in [48]). Any social norm that does not satisfy the following
equations delivers a social welfare that is lower than the optimal value of (10) in [{§].

0<6(1—2a) v’ (min{Ky,0+1}) —v.2(0—1)] —c, if 0> hy+1,

K

0 <6(1—2a) v’ (min{Ky, hy +1}) —v2(0)] — ¢, if 0 = hy,

R

(2)

v (A"0)) is a compliant’s worker expected long-term utility in the repeated game
starting from any period tg, while ¢ is the discount factor. The condition in [2| means that
a positive incentive guarantees a worker’s compliance to the social norm, and a protocol
is sustainable if and only if workers have positive incentives at any 6 > hy.

Moreover, according to Proposition 1 in [48], given a social norm &, choosing A\* =1
maximizes the social welfare of the workers.

Also, as proved in Theorem 2 of [48], given p, ¢, d, and «, a social norm k = (o, 7)
can be sustained as an equilibrium if and only if its social threshold h, is larger than
a specific constant h(p, ¢, d, ) and the highest reputation K, is smaller than a specific
constant K (p,c, 6, a).

Theorem 6.2. Sustainable protocols exist if and only if (1) Given 6 and «, the cost-
to-price ratio r 2 c/p of the worker is lower than a threshold 7(6,c); (2) Given the
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cost-to-price ratio v and o, the discount factor § is higher than a threshold d(r,ca); (3)
Given r and §, the error probability « is lower than a threshold a(r,d), and higher than a
threshold a(r,d).

Another setting were the delivered quality of the worker(s) is uncertain, while the
payment per task from the requester is pre-announced is considered in [42]. In this paper,
one requester assigns several workers per task. A worker can be an expert, i.e., a worker
having sufficient skill to complete a specific task, or novice, i.e., a worker of insufficient
skill to complete a specific task. When the reward is split among workers, free-riding arises
on behalf of novice users. A reputation mechanism is proposed where the requester gives
a binary rating to all workers of a task and the task reward is split among those getting
a positive vote, unless all workers get negative votes when they all split the reward. A
reputation system is proposed to alleviate novice free-riding and establish an equilibrium
where only expert users accept tasks, while novice users reject them.

More formally, while multiple task types can be considered, without loss of generality,
the analysis in [42] focuses at a certain task type. Considering a task of a certain type, a
requester pays a transaction fee of T' > 0 to the crowdsourcing system, and pays a reward
of r > 0 to be distributed to contributing workers as well. In total, a requester pays T +r
in order to have the task completed.

A prior distribution of expertise in the worker community is assumed to be common
(public) knowledge, according to which in each task assignment, a task is assigned to a
novice with probability 5 € [0, 1], and it is assigned to an expert, with probability 1 — 5.
The model in [42] considers that m > 1 work on a task denoted by wi,...,wy,. Let
0; € {0,1} denote the skill type of w;, where #§; = 1 implies that w; is an expert, and
0; = 0 implies that w; is a novice. When a worker receives a task assignment, he can
refuse (D) to solve it, or commit to solve this task by a high effort (H) or a low effort
(L). Hence the action set of a worker is {H, L, D}. If a worker refuses a task, then this
task will be reassigned until m workers commit to solve it. An expert worker exerting a
high effort H is with cost ¢, and a novice exerting a high effort H is with cost ¢/, where
d>ec>0.

According to the analysis in [42], for m > 2 workers, for expert workers, H is a strictly
dominant strategy, if and only if r > mec. For novice workers, L is a strictly dominant
strategy and gives a utility higher than refusing a task, no matter of reward set.

A reputation system is proposed in [42] to alleviate the novice free-riding problem.
The provision of low quality is considered as a mistake and the proposed reputation system
penalizes a worker when its mistakes exceed a certain threshold W, > 1 by disabling the
worker’s account for W), time slots. Let s* denote a desirable strategy for workers where
expert workers exert high effort (H), and novice workers refuse tasks (D).

Theorem 6.3. (Theorem 4.2 in [{2]) Consider the proposed incentive mechanism (with
the reputation system) in [42] that allows m > 2 workers to work on a task, and a
(Wy, Wp)—reputation system. If Wy = 1 and W), > 1, each player will not unilaterally
deviate from s*, iff r > mec.

Also, according to Theorem 4.3 in [42], when 6 > 1/ (1 + ﬂl,;_ﬁl), Wy =1, and
grt1—4
Wy > [ln(l 1—BT /1Ind

1-0 pmI\7!
(1—5%)51—5) ’

and

r>mc<1—
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then the subgame perfect equilibrium of the previous theorem is unique.

The work of [42] is significantly extended and generalized in [43], where multiple ex-
pertise levels {1, ..., M} and multiple effort levels {0, 1,..., K} of workers are considered,
and a class of incentive and reputation mechanisms is proposed and analyzed. Moreover,
a trade-off between system efficiency (i.e., the number of tasks that can be solved for a
given reward) and revenue (i.e., the amount of transaction fees) is studied.

In the proposed incentive mechanism in [43], upon posting a task, a requester must
submit its associated reward r and transaction fee 7" to the crowdsourcing system ad-
ministrator. The task is solved by exactly n workers and solutions are submitted to the
administrator, and all are forwarded to the requester. Upon receiving these n solutions, a
requester evaluates their quality and selects the one with the highest quality. It is assumed
that the requester can only be satisfied if at least one solution has the highest possible
quality. If there is a tie, each solution within the tie is selected with equal probability.
We refer to the highest-quality solutions as winner(s) and the other solutions as losers.
Finally, the requester notifies the system administrator as to the identity of the winners,
and the system administrator distributes the reward r evenly to those winners. In this
incentive scheme, the requester cannot refuse to pay workers, as the reward r and the
transaction fee T are held by the administrator, while a worker with zero effort receives
a reward r/n when all n workers exert no effort. This model applies to macrotasking
crowdsourcing systems, which serve as platforms to outsource innovative and challenging
tasks that require special skills (e.g., develop a computer program), e.g., UpWork, as
opposed to microtasking platforms, e.g., Amazon Mechanical Turk.

The probability that a worker of type m is assigned a task is denoted by S,,, while
worker w;’s strategy is a map s; : M — 3 prescribing an action for each possible skill
type; e.g., si(M) = (0,...,0,1) means that when w; has skill type M, he always exerts
level K effort. Exerting effort level £ for a worker of skill type m costs ¢, .

As proved by Lemma 3.5 in [43], considering the proposed incentive mechanism with
n > 2 workers assigned a task at least one Bayesian Nash equilibrium exists; given a skill
type m, if

r>

nﬂmc;n,K . 3)
(S A" = (S0 &) = nbu (S0 1)

then each such equilibrium (sj(-),...,s5(-)) satisfies s;(m) = (0,...,0,1) for all i =
1,...,n. This result means that there is a minimum bound of task reward, specific per
worker of type m, which can motivate that worker to exert the highest possible effort.
However, still the required quality by the requester may not be achievable for the n
workers, unless at least a worker with maximum expertise is among them.

To alleviate this, a (NN, Np)-reputation system is proposed that allows a worker to
remain active for N, “errors”, i.e., maximum number of time slots where requested quality
is not offered by the worker, and blocks him for N, time slots when N, is reached. Under
this reputation system, Theorem 4.3 in [43] establishes that when N, = 1 and for properly
lower bounded values of the discount factor ¢, the blocked window threshold IV, and the
task reward r, there is a unique subgame perfect equilibrium where each worker of type M
exerts the maximum effort, while all workers of skill types lower than M refuse the task
(this strategy is referred to as desired strategy). From Theorem 4.3 ([43]), it is suggested
that a crowdsourcing provider should set N, as large as possible, provided that there
are no errors in reputation updating.Theorem 5.1 ([43]) suggests that a crowdsourcing
provider should decrease N, (or increase N) so as to decrease the reward paid out by
requesters, while N, is upper bounded in order for the desired strategy to be a unique
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subgame perfect equilibrium upon noisy ratings. However, the side effect is a decrease in
the number of active workers (cf. Theorem 5.3 in [43]).

Moreover, the parameters of the reputation system are found in [43], so that the rev-
enue of the system is maximized. For example, when noisy ratings arise with probability

er,k = 0.05, the solution is N, = 6 and N, = 1, which achieves a revenue of 0.994R,

where R is the theoretically maximum achievable revenue. Finally, in [43], they find pa-
rameters N, NV that maximize system efficiency for a minimum acceptable revenue. For
example, for a 5% decrease in the acceptable revenue, the find that when ey x = 0.05, the
corresponding reputation system design is N, = 5, N, = 7, and a reward r = 3.41cy i is
obtained, which attains 0.8976 of the theoretical maximum system efficiency.

6.2 Crowdsourcing with task subdelegation

The paper in [46] introduces another interesting direction of modeling, namely subdele-
gation of tasks. In particular, each worker that has already been assigned a workload of
tasks can subdelegate part of this to other workers on the basis of their reputation. Thus,
it may happen that a certain task is executed by a chain of workers. This fact is also
taken into account in the mechanism for updating the workers’ reputation. In particu-
lar, decreasing proportions of weight are applied to consecutive agents in such a chain.
The reputation of each worker participating in the chain is updated on the basis of the
relevant proportion of the collective outcome of the task. Each task, if completed within
its deadline, induces a positive reward at each time to the assigned agent. Moreover,
at each time t, each agent is characterized by an instantaneous price p;(t) for exerting
effort. The overall objective is that tasks are subdelegated in such a way that the social
welfare, ie. time average of all agent’s instantaneous reward is maximized. The trade-off
faced by each worker is between the increase of his unfinished workload versus his cost
for subdelagating part of this load to other workers. The authors of the article develop
a queueing model for dealing with this trade-off. In particular, they introduce an appro-
priate Lyapunov drift, and subsequently a drift-plus-cost expression, in order to analyze
how to control this queueing system in a way the latter drift is minimized. Moreover,
when selecting others to subdelagate tasks, workers employ a reputation-threshold policy
whereby only workers with a high enough reputation and a low enough price are con-
sidered. The performance of this so-called RTS (Reputation-aware Task Subdelagation)
approach is initially investigated theoretically. In particular, the policy prescribes that if
qi(t)—pipi(t)ri(t) < 0, then worker ¢ can accept new tasks requiring up to a certain amount
of extra effort, where ¢;(t) is his remaining work-load and p; is a parameter indicating the
worker’s eagerness to work. This condition implies that new tasks are accepted if they are
expected to lead to lead to higher rewards and/or if the worker has an appropriately light
load. Moreover, this worker ¢ decides whether to subdelegate tasks or not on the basis of
another condition involving a bound on the average price ¢; charged by the other workers
known to him. The authors subsequently establish two performance bounds. Namely,
that the social welfare attained by means of this policy is within O(1/p) of the optimal,
where p = 7 ZtT;Ol /> _; pi is the time-average of the collective willingness to work of all
workers, while at the same time the pending workload is bounded by O(p). The RTS
policy is also evaluated experimentally, whereby it is seen that it is significantly more
efficient than other related policies. The authors also present briefly certain directions for
future research such as the inclusion of policies for the adjustment of each worker’s price
pi(t), and priorities and dependencies among tasks.
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6.3 Worker selection via endorsement

The paper in [27] proposes an incentive mechanism for high quality contributions and high
participation in the participatory sensing context. A participant who contributes sensor
data earns a reward in terms of redeemable contribution power (CP) gained based on the
quality of its contributions and redeemable endorsement power (EP) which is given by its
endorsers. Endorsement power (more) and contribution power (less) can be considered as
reputation values employed in this incentive mechanism. Part of the reward proportional
to the fraction of borrowed power (BP) over the total power of a contributor is shared
back with its endorsers. As a result, endorsers become beneficiaries of the contributor.
Contributions require costly effort proportional to their quality. According to [27], if (very
likely) a contributor is endorsed by some of his/her “nepotic” social connections, a new
incentive is created for the contributor: “work for your cared (or loved) ones” (besides
yourself). The requester seeks to maximize its net profit from the aggregated data, while
dealing with individually rational, self-interested and potential nepotic contributors. The
problem is formulated as a Stackelberg game, where the requester (i.e., the leader) selects
redemption rates for CP and EP, and the participants (i.e., the followers) select their
contribution qualities, so as to maximize their utilities based on globally available CP
and EP values for all participants.

Also, [27] formulates the problem of an endorser to select the set of contributors to
endorse, so as to maximize its expected payoff, subject to the social constraint that it
will endorse its socially preferred acquaintances. The problem is solved based on efficient
partial sorting algorithm with linearithimic complexity on contributors (c.f. Proposition
1 in [27]). Similarly, the problem of a contributor to select its endorsers is formulated so
as to maximize its total EP (and consequently its reward).

However, the three optimization problems in [27] are not jointly pursued and equi-
librium analysis has not been performed. Current CP and EP values are observed by
participants to determine their quality values, which are employed for selecting their
contributions and endorsements in the next period. It is unclear whether the proposed
incentive mechanism in [27] enhances quality of contributions at equilibrium. It is numer-
ically shown in [27] that requester’s profit and the quality of contributions are increasing
in CP and decreasing in EP values. Moreover, it has been numerically demonstrated that
participants should be selective in their endorsements.

7 Conclusions and Discussion on Open Problems for Future
Research

In this survey, we have attempted to provide an overview of recent research on mechanism
design and optimization aspects in crowdsourcing markets. Our main focus has been
on research that has established mathematically provable guarantees on the design ans
evaluation of proposed mechanisms. As a conclusion of this overview, we can say that
this has been a very active research field within the last decade and that it will continue
to be active, given the emergence of more and more applications and challenges. In the
rest of this section, we summarize some of the open research problems and directions for
future research.

To begin with, despite the significant progress that has already been made on the
basic models and their variants in Sections [3| and |4} it is still an open question to provide
tighter approximation algorithms for the relevant classes of valuation functions. This
applies mostly for the cases where the valuation function of the auctioneer is XOS or
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subadditive, where there are still relatively large gaps between the known approximability
and hardness results. It is also possible that some special cases of submodular valuations
admit even better approximations than the ones presented in Section [3] Making progress
on this front would require a better understanding or even more, a characterization result,
for truthful mechanisms in this setting.

A second and very important direction, which is also among the biggest challenges for
the markets under consideration, is to understand better the design of mechanisms for
multi-parameter agents (where simultaneous offers on different combinations of tasks can
be allowed by each worker). As already explained in Section there has been a very
limited number of works dealing with such types of workers and most models assume that
each worker only has a single parameter as private information (corresponding to the cost
for performing a specific task or a specific set of tasks). As we see new labour matching
platforms arising with the need to express a bigger variety of preferences, we expect that
multi-parameter mechanism design will be one of the main research directions within this
field. Allowing the workers to express multiple offers on different combinations of tasks
leads to more difficult optimization problems, and at the same time, to more demanding
considerations regarding the incentives for truthful behavior. One cannot apply any more
the characterization by Myerson’s lemma, and therefore, new methodologies are needed
for designing mechanisms and enforcing a desirable behavior to the workers.

The study of Bayesian models under this setting, is also worth further investigation.
A big part of the works that have been presented here deal with models of complete
information. Some generalizations have been provided on mechanism design under the
assumption that the workers’ costs are drawn from a distribution, see e.g., [7]. However, we
feel that it is a natural next step to study whether we can have the same approximation
guarantees under uncertainty, or whether Bayesian models impose more impossibility
results.

Moving on, and given the fact that one cannot always satisfy all desirable criteria de-
fined in Section yet another interesting direction is to define and examine relaxations
of the problem requirements. For example, under budget constraints, one could seek for
a model where instead of a hard budget limit, the solution cost is allowed to exceed the
initial budget by some factor. Along the same spirit, a well-motivated question is to
study relaxations of truthfulness. It has been well observed that truthfulness may be too
stringent as a hard-wired property in practice. One can therefore study some alternative
options, such as randomized mechanisms that are truthful only in expectation, or mecha-
nisms that are almost-truthful or partially truthful, i.e., they provide incentives to agents
to misreport their value only by a tiny fraction or only with respect to certain classes of
bids - which may eventually not even occur, such as overbidding. Works on verification
mechanisms that identify whether a bid is truthful or how far from the real value it is, can
also be proved to be useful for discouraging agents from misreporting their preferences in
mechanism design problems.

Finally, with the exception of Section [6] we have not addressed much here the issue of
verifying that the winning agents perform their tasks correctly. Most of the works that
have been discussed in this survey have assumed that once a worker is assigned a task,
she will also complete it as promised. In cases where the auctioneer is not able to choose
specific agents, as in MTurk, there have been works that try to minimize the estimation
error (e.g., for classification tasks). This was not the focus of our survey, but it is an
active topic, which is also in a sense complementary to the goal of truthful behavior in
mechanism design. For more on this, we refer to [41]. Also, a more behavioral approach
is used in [38], where the auctioneer’s utility depends on the effort level of the workers.
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To conclude, we believe that the study and design of crowdsourcing markets is a fasci-
nating area, requiring the interplay between algorithmic and game-theoretic approaches.
The field provides ample space for future research and for the emergence of new techniques
that could be applicable in other domains of mechanism design as well. We hope that this
survey can serve as a guide for the state of the art especially with respect to computational
complexity and game-theoretic questions on the design of efficient mechanisms.
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