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ABSTRACT OF THE DISSERTATION

Designing Innovation Contests

by

Lakshminarayana Nittala

Doctor of Philosophy in Management (Innovation, Technology and Operations)

University of California, San Diego, 2017

Professor Viswanathan Krishnan, Chair

Firms are increasingly organizing contests for crowdsourcing solutions to prob-

lems associated with sustainable growth. The effectiveness and efficiency of these

contests relies on the decisions taken at the operational level by the firm. The current

dissertation consists of three essays related to this theme.

In the first essay the focus is on a firm that wants to use contests to leverage

the latent employee expertise across the organization, going beyond core R & D teams.

An application-driven model is formulated and analyzed for managerial decisions and

insights about when to resort to internal contests, how to structure and specify them, and

when and how to cover the participant opportunity costs. In the second essay, innovation

xiv



is a viewed as a multi-stage process that may be usefully split into an exploration phase

followed by an execution phase. A game theoretic model is used to analyze the open

innovation setting where a seeker sources innovations from outside solvers through a

contest. The interaction between exploration and execution phases leads to insights

into the effort decisions by agents competing in the contest. The model predicts that

from the seeker’s perspective, increasing the reward beyond a threshold can decrease the

probability of finding the solution.

In the third essay, the focus is on the process that a solver employs while searching

for a solution associated with creative problem solving. Laboratory experiments were

used to collect data on the process path adopted by participants while solving a unique

insight problem on the computer. It is observed that piecerate incentives lead to a better

performance on the puzzle relative to an equivalent incentive based on competition.

Analysis of the process path employed by participants shows that they spend less effort

on the puzzle in the competition case and spend more effort when incentivized with

an equivalent piecerate incentive. The performance on the puzzle task is observed to

increase with an increase in the time spent on the puzzle. Several other process measures

are defined and compared across treatments.
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Chapter 1

Designing Internal Innovation Contests

Enterprises worldwide increasingly aim to achieve cost-effective innovation and

product development. Innovation/Design contests within firms offer an opportunity to tap

the latent employee expertise across the organization, going beyond core R & D teams.

Such intra-enterprise design contests offer a contrast with external contests where firms

pose questions and engage an outside world of solvers not contractually employed by

the firm. Internal contests, where solution-seeking firms internalize some or all of the

participant opportunity costs, pose new opportunities and challenges, managing which

forms the focus of this paper. While internal contests allow firms to pursue proprietary

concepts, we learned from field studies that employee participation in internal contests

requires carefully coordinated decision making. How can managers architect contests

by setting participation cost-sharing policies, contest awards and specifying problems

to ensure optimal outcomes from contests? Based on field work in the software and

electronics industries, we develop an application-driven model which we formulate and

analyze for managerial decisions and insights about when to resort to internal contests,

how to structure and specify them, and when and how to cover the participant opportunity

costs. We find that budget constraints combined with intellectual property considerations

1
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make internal contests increasingly attractive for solution-seeking firms. Interestingly,

the contest reward in internal contests is curvilinear in the design problem uncertainty.

Solutions of better average and extreme quality can be obtained with an internal contest

under budget constraints. Firms with larger contestant pools can share more of their

opportunity costs with employees, making internal contests more appropriate for larger

firms. Also, a contest designer can under most cases exert less effort to specify the contest

challenge problem in an internal contest relative to posing the problem to an external

group. Curiously, it is optimal for open ended contest problems to be organized with

smaller rewards in internal contest settings. We discuss how managers of solution-seeking

firms can benefit with the careful design of innovation contests.

1.1 Introduction

Organizations worldwide increasingly aim to rejuvenate growth through inno-

vation and entrepreneurial activity even as their customer markets are experiencing

slower growth rates (Slywotzky, Wise, and Weber 2003, Sawhney, Wolcott, and Arroniz

2006). Achieving these growth goals under demanding market conditions requires more

cost-effective innovation and product development by going beyond traditional research

and development ( Chesbrough 2006, Huston and Sakkab 2006). New technological

advances, especially the advent of internet based innovation platforms such as BrightIdea,

Innocentive, and Ninesigma, have catalyzed the adoption of the ”Open Innovation” or

crowdsourcing approach by several firms and organizations (Boudreau, Lacetera, and

Lakhani 2011,King and Lakhani 2013). Complementing their internal research and

development efforts, open innovation tournaments allow firms to engage professionals

outside their company and tap into the enormous diversity of participants (Terwiesch and

Ulrich 2009, Terwiesch and Xu 2008).
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The contest format, where participation is incentivized using rewards awarded for

winning submissions, is becoming an increasingly popular and potentially cost-effective

vehicle to organize crowdsourcing. Such contests while bringing in the benefits of

solution diversity also help firms to circumvent the problems associated with contracting

knowledge work (Taylor 1995a). The GE Jet Engine Bracket Challenge, Tesla Hyperloop

competition, design contests by Threadless are some examples of these innovation

contests.

While these innovation contests refer to sourcing innovation from participants

outside the firm’s boundaries (called external contests from now on), there are also

examples where the contests are dedicated/restricted to employees within the solution-

seeking organization (internal contests). Such a focus allows firms to pursue more

strategic, business-sensitive, proprietary concepts and problems. Several medium and

large companies are exploring this approach, prominent examples of which include the

Qualcomm Venture Fest (Dos Santos and Spann 2011) and the IBM Innovation Jam. The

Qualcomm internal contest (or QVF, which the company currently calls ”ImpaQt”) was

an endeavor to foster corporate entrepreneurship by engaging employees in a competition

to identify and execute on novel product ideas. Similarly L’Oreal’s internal innovation

contest was aimed at motivating employees to contribute innovative solutions to the

company’s problems. A number of companies are also conducting internal ”hackathons”

that go beyond software development.

While the allure of external contests is primarily the diversity of ideas from an

outside ”crowd”, the incentives for holding internal contests can be multifold. Along with

the benefit of accessing the latent talent of employees across all units of the organization,

they can help in identifying new opportunities, solve vexing technical problems and make

product development more cost-efficient. From the employees perspective, they offer

opportunities for intellectual stimulation and gaining organizational visibility on top of
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potential contest rewards.

We have studied internal innovation/design contests at several software and

electronics/technology firms. Though internal contests seem to be an additional degree of

freedom for solution-seeking firms, the economic and design considerations can be quite

intricate presenting critical managerial issues. In external contests, a major benefit is that

solution-seeking does not have to usually bear/internalize the search and problem-solving

costs of the solvers. In internal contests, employee participants are already engaged

in other core business projects, so any time taken away from them to participate in an

internal contest can pose an extra opportunity cost for the firm. One major decision

facing firms and managers is the degree to which the participation costs are shared with

employees. Some firms we have studied require employees to work on these contests

outside ”regular” working hours (weekends or evenings), making them bear the full costs

of participation, while others such as Google and 3M choose to internalize participation

costs by allowing employee participation during regular working hours. A key decision

we examine in this paper is the internal contest participation cost-sharing policy for

optimal contest outcomes.

The significance of contest participation cost decision in internal contests is

vividly illustrated the case of Qualcomm Venture Fest (QVF) (Dos Santos and Spann

2011). The contest was seen as a vehicle to promote corporate entrepreneurship by

discovering new opportunities with breakthrough potential, and developing leaders

through their implementation. While four years of conducting this contest produced 730

business ideas worth over $300 million, it was not without its challenges as employees

and managers had to juggle other core business commitments and navigate competitive

threats. Our field studies at Qualcomm and interviews of key managers, including Ricardo

Dos Santos (the executive who ran the contest), revealed that designing the contest to

motivate and incentivize employees to participate was as important as balancing the real
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or perceived strain it imposed on their respective business units, a topic that became a

subject of discussion with senior executives of the company.

Our studies with Qualcomm and other firms indicate that firms considering

internal contests face a number of key questions which we answer in this paper such as:

when to deploy them, how to structure and specify them, and when and how to cover

the participant opportunity costs. Unlike external contests where the solution-seeker

would prefer maximizing the entry and effort exerted by participants, the seeker in an

internal contest faces a tradeoff between participation-driven solution quality and the

opportunity cost of participation on the firm. This tradeoff interacting with problem

uncertainty and the firm’s business context drives design decisions such as contest award

size, problem selection and specification, and participation cost-sharing policies that we

closely characterize in this paper. Our results show that budget constraints combined

with intellectual property considerations make internal contests increasingly attractive

for solution-seeking firms. Unlike an external contest, the contest reward in internal

contests is non-monotone/curvilinear in the design problem uncertainty. Firms with

larger contestant pools can share more of their opportunity costs with employees, making

internal contests especially appropriate for larger firms. We first review the related

literature before formalizing and addressing these decisions.

1.2 Literature Review

The research questions that we address in the current work are related to the

stream of literature that deals with institutional design for pursuing innovation and

product development in an efficient and effective manner. While the literature is vast

and has been summarized in review papers, our interest is on the non-traditional, non-

contractual approaches to innovation and product development such as contests and
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Figure 1.1: Positioning of current work in the existing literature. The existing work can
be classified along the dimensions of internally sourced or externally sourced innovation
and contest or non-contest setting.

crowd-based collaborations. In the context of our current work, we can categorize the

related literature along two dimensions. First is the classification based on whether

a contest approach is used for product development. The other dimension groups it

according to the location of the innovators, i.e. if they are inside or outside the firm.

The extant literature can be classified using the matrix shown in Fig. In the

context of internal innovation in a non-contest setting, Chao, Kavadias, and Gaimon 2009

study the allocation of resources between an incremental improvement project and a

new product development project. Manso 2011; Ederer and Manso 2013 study incentive

design that supports innovation by encouraging exploration of new approaches to succeed

in innovation. The main finding is that failure must not only be tolerated by the firm

but also rewarded in order to encourage employees to engage in exploration. Kornish

and Ulrich 2010 empirically study the extent of repetition of ideas and generation of

unique ideas during parallel exploration efforts. Girotra, Terwiesch, and Ulrich 2010
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and Kavadias and Sommer 2009 study the effectiveness of different group structures in

generating good ideas through brainstorming and provide insights for organizing such

idea generation processes. Recent work by Kornish and Hutchison-Krupat 2016 reviews

literature and offers a general perspective on idea generation and selection in the context

of innovation. Hutchison-Krupat and Chao 2014 study the impact of incentives and

the firm’s tolerance for failure on managerial risk taking in the context of collaborative

new product development. Özkan-Seely, Gaimon, and Kavadias 2015 study dynamic

knowledge development and knowledge transfer in product and process development

teams. Hutchison-Krupat 2015 study a firm’s optimal information transmission strategy

when it wants to motivate an employee to work on a strategic initiative. The firm’s

decision faces the tradeoff that engaging the employee in the strategic initiative reduces

her effort towards her current project. We use a similar tradeoff but study its implication

in a contest setting.

In the context of external sourcing of innovation and exploration in a non-contest

setting, Bhaskaran and Krishnan 2009 study collaborative new product development

with a focus on the decisions involving cost sharing and work sharing between the firms.

Rahmani, Roels, and Karmarkar 2013 study the optimal contract in a scenario involving

co-production by a vendor and a client. Papanastasiou, Bimpikis, and Savva 2014 study

crowdsourcing of customer reviews by online platforms.

The contest literature originates from economics and was pioneered by the work

of Lazear and Rosen 1981. Specific to the literature that studies crowdsourcing innovation

through contests, (Taylor 1995a) is an early work that highlights contests as an effective

mechanism to overcome the non-contractible nature of the innovation process and benefit

from ideas that are outside the firm. This ”Open Innovation” paradigm of using contests to

source innovations from the outside world has been extensively studied since then. Within

the Operations Management literature Terwiesch and Xu 2008 study how innovation
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seekers can benefit from the diversity of the solvers in a contest setting. Erat and Krishnan

2012 offer recommendations in how the firm can manage the breadth in search space

in these contests. Jeppesen and Lakhani 2010; Boudreau, Lacetera, and Lakhani 2011

analyze empirical data from contests to highlight the role of diverse perspectives and

problem uncertainty on the solution quality. Bockstedt, Druehl, and Mishra 2015 look

at the effect of diversity of participants in terms of their originating national GDP and

culture on the outcomes of innovation contests. Wooten and Ulrich 2014, 2015; Mihm

and Schlapp 2015 and Gross 2015b are more recent papers on external contests and are

focused on the role of feedback on the contest output.

As seen in the illustration there is little existing work that focuses on a contest

setting internal to the firm’s boundaries. Terwiesch and Ulrich 2009 discuss tournaments

as an approach for generating ideas within an organization and suggest various tech-

nology tools to aid participants. Gibbs, Neckermann, and Siemroth 2014 study a field

experiment aimed at motivating employees to contribute ideas on process and product

improvements at a technology company. Their main finding is that rewards substantially

increased the quality of ideas submitted. Blasco, Jung, Lakhani, and Menietti 2016

use a field experiment to study the email solicitation of creative ideas by a hospital

from its employees. They find that pecuniary incentives led to a three fold increase

in contributions compared to non pecuniary incentives such as recognition or prestige.

Though these two existing works study contests within a firm their objective is not to

address the tradeoffs associated with the opportunity costs. Also both contests involved

idea generation in which the likely opportunity costs for the firm are expected to be low.

In order to get a more comprehensive understanding of internal contests, there is a need

to abstract away from specific contexts and develop a general representation. This will

help highlight the differences between internal and external contests and help the seekers

make better decisions on the contest design. We use a stylized analytical model to help
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in this endeavor. The next section lays out the model of the internal contest setting that

we study in the current work.

1.3 Model Description

Figure 1.2: Representation of the organizational structure. The firm offers wage WE

to the employees, wage WCD and bonus component parameterized by α to the contest
designer. The contest designer announces the contest with total prize amount V and
problem specification λ.

Consider the situation where a firm is interested in seeking solutions to a busi-

ness/technology problem facing uncertainty: the problem may have multiple solutions or

no solution at all, which we refer to as an innovation or design problem to capture the

divergent/uncertain nature of the problem. Examples include approaches to significantly

enhancing the safety, security or speed of a firm’s existing software and hardware prod-

ucts. The firm is considering harnessing its internal talent pool to find these solutions.

It wants to motivate the employees by organizing a contest where participants have the

chance to win a reward if they provide the required solution. Figure (2) provides a

problem representation.

The employees in the firm are involved in regular work where they are com-

pensated with a wage rate w. The output from the regular work is modeled as being
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deterministic in order to differentiate from the contest. Employees

The wage component is denoted by WCD and is assumed to be set at the market

rate. The second component, denoted by parameter α, is modeled as a performance

contingent payoff proportional to the net value of the solution generated from the contest.

Such an incentive mechanism aligns the objectives of the firm and the contest designer,

and is in line with the incentive structures observed in the industry (Jensen and Murphy

1990). To the employees, the firm gives a fixed wage denoted by WE based on labor market

rates on top of which they may win an award by being a contest winner as discussed

below. We also analyze the case where the firm deals directly with the contestants

(no specialized contest designer) to understand how the outcomes are impacted by the

specialist role.

Once the firm gives contracts to the contest designer and the employees, the

designer has the task of framing, structuring, incentivizing and implementing the contest

to source ideas or solutions for its business/design problems. To allow for a benchmark

and to compare with prior work on (external) contests, we allow the contest designer to

have access to an outside solver community whose participation costs are not internal-

ized/borne by the solution-seeking firm or the contest designer.

Contests in our field-studies seem to fall under one of two categories: the first

involve finding the ”best solution” to a specific technical or product/market issue, but

there exist cases where the firm/designer’s objective is to create a stack of potential

solutions to increase the diversity of the firm’s knowledge base. We model that in the

former case the designer will be interested in the quality of the best solution, while in the

latter case she will be interested in the aggregate quality of the submitted solutions. We

study both objectives to understand how managerial decisions can lead to these outcomes.

After setting the objective of the contest and making relevant design decisions,

the contest is announced across the firm to its employees. To achieve participation, we
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consider the use of pecuniary incentives in the form of contest awards. Recent evidence

from internal contests in organization settings shows evidence for the efficacy of monetary

rewards in incentivizing participation (Gibbs, Neckermann, and Siemroth 2014; Blasco,

Jung, Lakhani, and Menietti 2016). We assume that the designer sets reward V ≤ VB,

where VB is the total budget available with the contest designer for the contest.

If a decision is made to enter the contest, the employee participants (or participants

from now on) select the effort level that maximizes their chance of winning the contest.

The contest problem at hand is characterized by exploration or search for novel ideas and

the returns to effort are noisy due to inherent uncertainty. Hence, we define the solution

value generated by employee participant i exerting effort ei as qi = θ(ei +Xi) where Xi

is a random variable representing the inherent stochasticity or uncertainty associated

with the innovation/design problem. θ is a parameter that relates the employee’s solution

quality, ei +Xi, to the value generated to the firm.

In the current work, we are agnostic to the process of search that the participants

employ but use the notion that participants submit the best solution they have. Consistent

with prior literature (Dahan and Mendelson 2001; Terwiesch and Xu 2008), we specify Xi

to follow a Gumbel distribution with mean 0 and scale parameter λβ, where λ > 0 refers

to the problem specification and β > 0 refers to the inherent problem uncertainty1. The

key role of the contest designer is the exerted effort and expertise to specify the problem

and mitigate the inherent problem uncertainty perceived by participants. This effort

exerted by the contest designer to specify and manage the design problem uncertainty

with deliberate problem specification is parameterized as λ. Note that similar to Boudreau,

Lacetera, and Lakhani 2011, the uncertainty in our model is related to the nature of the

problem and the associated solution search space parameterized by β. Without a contest

designer we assume that the firm always uses a fixed problem specification λF (which

1Note that the expected value of the maximum among n i.i.d. Gumbel distributed variables with mean
0 and scale parameter λβ is λβ logn.
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we normalize to 1) that represents its known method of problem representation. For

parsimony we refer to λβ as the (realized or net) problem uncertainty.

We define problem specification as the degree or level of open endedness in the

problem description and the required solution. A high level of problem specification (or

over specification) refers to a greater level of detail about the problem/solution expec-

tations from the contest designer and is expected to reduce the problem uncertainty for

participants engaged in solution search. For instance, one of our study companies devel-

ops analytics software as a service for retail clients and runs internal contests/hackathons

to improve the product’s security and range of use. The effort exerted to specify these

contests in more detail entails a (labor) cost for the contest designer and her team. We

refer to an increase in λ as under-specification and a decrease in λ as over specification2.

The problem specification cannot be too broad or open ended (very high λ) in order to

prevent the representation from being devoid of any contextual detail. Similarly, over

specification also has its limits. So, we impose λ ∈ [λ,λ], where we denote λ > 0 as the

Upper Specification Bound (USB) and λ > 0 as the Lower Specification Bound (LSB).

The contest designer incurs costs to specify the problem, characterized by S(λ) = ρS/λ.

This definition captures the notion that it is increasingly costly to specify the problem.

The participation in the contest is not mandatory for the employees and moreover

they are already insured with the wage WE from the firm towards their regular job

duties. While the solution quality can benefit from increased involvement of employee

participants, the firm has to consider opportunity costs arising from their participation.

These opportunity costs can arise from a variety of reasons. For example, participation

in internal contests can mean reduced time on other ongoing critical firm projects.

Also, we have observed in field studies that the contest participants could utilize other

precious firm resources such as consulting with key subject matter experts or utilizing

2Note that the variance of the stochastic component is Var[Xi]=
λ2β2π2

6 . Over specification of the problem
therefore decreases the variance of the stochastic component and vice versa.
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test equipment (Dos Santos and Spann 2011). In both these cases, the more effort the

employee participants devote to these contests the more opportunity costs the firm will

be expected to incur. We define the total opportunity cost when an employee participant

exerts effort e towards the contest as ke2. Here, k≥ 0 can be interpreted as the magnitude

of the opportunity costs. This formulation also captures the notion that it is increasingly

costly for the firm if employees increase their effort towards the internal contest.

Firms often face critical questions about who should bear these costs. To address

this question, our general model includes flexibility for the firm to decide how much of

these costs will also be shared by the contest designer and the employees. The extent of

sharing is captured by the fractions κCD and κE for the designer and employee participant

respectively. In this setup the firm then incurs (1−κCD−κE) fraction of the opportunity

costs.

Once employee participant i exerts effort ei, she will receive the prize V if

her solution has the highest value. Since participation is not mandatory, we model the

participants as risk neutral in their effort decisions. Equations (1.1) and (1.2) represent the

net expected utilities for participant i in an internal and an external contest respectively.

Internal contest : E[ui(ei,e−i)] = PV (ei|e−i)V − (c+κEk)e2
i (1.1)

External contest : E[ui(ei,e−i)] = PV (ei|e−i)V − cee2
i (1.2)

e−i is a vector representing the effort levels of other employee participants. PV (ei|e−i)

denotes the probability of the employee participant winning the prize V . We assume that

the participants face quadratic effort costs. For the internal contest, coefficient c captures

the base level cost of effort while κEk represents the firm induced part. As an example,

the firm can decrease its costs by making the employees work on the contest over the

weekends or late evenings. The employees will incur additional opportunity costs to
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exert same level of effort in their personal time. This extra cost is captured by κEke2
i . For

external contests we model that the firm has no such control over the participants. We

represent the participant’s cost of effort in this case using the parameter ce.

The contest designer can also face these opportunity costs in her design as she

needs the support of the supervisors of the employees to borrow the employee’s time

towards the contest. For example, the contest designer might have to compensate the

supervisors with other resources to address their shortfall of labor. To focus on the

aggregate opportunity costs and abstract away from heterogeneity across employee

participants, we assume as a groundbreaking effort that the employees are identical. The

extent of costs faced by the firm, contest designer and the employee participants are then

moderated by the κCD and κE decisions of the firm. Note that the case where there are no

opportunity costs, i.e. k = 0, can be interpreted as an equivalent external contest where

the designer poses the challenge to participants outside the firm’s boundaries.

In general, if the designer is interested in the top l solutions by value, we define

the net value obtained from the contest as ψl(λ,V ). As discussed earlier, the two different

objectives that we consider in the current work will be the cases where the contest designer

is interested in either the Best Solution Quality or the Aggregate Solution Quality. We

refer to the former case as BSQ and the latter case as ASQ. If there are n employee

participants, in the former case the designer will be interested in only one solution (the

best) while in the latter she will be interested in all n solutions. In general, if the designer

is interested in the top l solutions then ψ(λ,V ) will take the form ψl(λ,V ) =
l

∑
s=1

qs where

qs is the solution with rank order s among the n submitted solutions. Another feature

associated with sourcing innovations through contests is the issue of intellectual property

protection. Since innovations are used as differentiators from competition, firms need

to pay close attention to any ”leakage” of intellectual property generated through these

contest mechanisms. We model this scenario by defining the effective solution value
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obtained by the firm as γqs where γ ≤ 1 represents the extent of leakage risk and qs is

the solution value with no leakage risk. Since the risk will be expected to be more in an

external contest we normalize γ to 1 for the internal contest and set γ < 1 for the external

contest.

A successful contest will increase the commitment of the firm towards organizing

such contests and enhance the visibility and future prospects for the contest designer.

To organize a successful contest, the contest designer also has to manage the associated

costs including a fixed cost associated with advertising a contest, denoted as fc. The

contest designer is incentivized to increase the solution value by the firm, but also has

to incur the contest specification costs and the opportunity costs. Putting the costs and

benefits for the contest designer defined so far together and invoking risk neutrality, the

net expected payoff with a specific contest design can then be formulated for the internal

and external contests as

Internal contest : E[ΠCD
l (λ,V )] = αE[ψl(λ,V )]−V −κCD

n

∑
i=1

ke2
i −

ρS

λ
− fc (1.3)

External contest : E[ΠCD
l (λ,V )] = γαE[ψl(λ,V )]−V − ρS

λ
− fc (1.4)

where fc denotes the fixed cost associated with conducting the contest. The firm is at

the top in the organization model and uses the bonus parameter α and κCD to enable the

contest designer in her functions. The firm’s profit function in the internal and external

contests are

Internal contest : E[ΠF
l (α,κCD,κE)] = (1−α)E[ψl(λ,V )]− (1−κCD−κE)

n

∑
i=1

ke2
i

(1.5)

External contest : E[ΠF
l (α)] = (1−α)γE[ψl(λ,V )] (1.6)
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Figure 1.3: Timeline of events in the internal contest. The firm first sets the incentives
for the contest designer.

The timeline of events (Figure) is as follows: First the firm specifies the wage structure for

the contest designer and employees and also sets the opportunity cost sharing policy. The

designer then sets the reward structure and the problem specification for the problem and

announces it across the firm to elicit the participation of the employees. The participating

employees then exert effort and submit their solutions independently and simultaneously.

The contest designer then evaluates the solutions and gives reward to the winner.

While the timeline represents the general problem, in order to enable a clearer

exposition of the insights, we consider several cases and discuss each separately. Specif-

ically, the rest of the paper is organized as follows: (i) First we analyze the setting

where we consider the sub-problem consisting of the contest designer and the employee

participants where the designer sets the contest reward. In this section we also compare

and contrast internal and external contests and identify cases when an internal contest is

preferred over an external contest. (ii) We then discuss participant cost sharing policies

and identify the utility of the contest designer in increasing the firm’s profits (iii) Lastly,

we discuss the problem specification decisions of the contest designer.
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1.4 Analysis and Results

Figure (timeline) represents the timeline for the implementation of the internal

contest showing the decisions outlined in the previous section. The analysis is done

through backward induction starting with the employee participant’s effort selection

decision for a given contest design. For all scenarios that we discuss in the current work,

the participant’s optimal effort level will then be used to analyze the contest designer’s

decisions.

1.4.1 Employee Participant’s Problem

Given a contest with reward V and problem uncertainty λβ, participant i picks

effort ei that maximizes her expected utility as shown in Equation (1.1). Under the as-

sumption of identical participants, Lemma (1.1) characterizes the symmetric equilibrium

participant’s effort level for internal and equivalent external contest. 3

Lemma 1.1. Given a single reward V and problem uncertainty λβ, the symmetric Nash

Equilibrium effort level exerted by participants in each contest is

Internal contest : e∗ =
(n−1)V

2(c+κEk)λβn2

External contest : e∗ =
(n−1)V
2ceλβn2

On expected lines, increasing the reward V incentivizes effort while increasing

the number of employee participants (increase in competition) demotivates effort. The

effort level also decreases with increase in the problem uncertainty. This is because at

3In order to guarantee the existence of a utility maximizing symmetric equilibrium effort level for the
participants, we make the assumption throughout that c+κek > V

12
√

3λ2β2 and ce >
V

12
√

3λ2β2 for internal
and external contests respectively. We show in the appendix that this is also sufficient to satisfy the
participation constraint for the solvers.
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higher uncertainty the participants have lesser control on the returns to their effort and

tend to count on the higher variability to fetch rewards with less effort. This characteristic

plays a significant role in several subsequent results.

We now proceed to the next sub-problem where the contest designer manages

these opportunity costs by setting the appropriate contest reward for an internal contest.

The upstream firm’s decisions will be treated exogenous.

1.4.2 Contest Designer Decision: Setting the contest reward

For a given magnitude of opportunity costs k and problem uncertainty λβ, the

level of the contest reward, V , will be constrained by the available budget VB towards the

contest reward, resulting in V ≤VB
4. To highlight insights unique to internal contests,

we also discuss the case k = 0, which is representative of an equivalent external contest.

The next lemma summarizes the optimal reward decisions for both types of contests5.

Lemma 1.2. For a given problem uncertainty λβ, the optimal reward decisions for an

internal contest (k > 0) and an equivalent external contest (k = 0) are summarized below:

4Since λ is not a decision variable in this case, the contest fixed cost fc and the problem specification cost
ρS are invariant and for simplicity in exposition we interpret VB as the budget remaining after accounting
for these costs.

5Note that the earlier condition for the existence of an equilibrium for the participant’s effort translates
to the requirement k2 > n(θ(n−1)−2(c+κE k)λβn2)

12
√

3λβ(n−1)2 and k2 > n2(θ(n−1)−2(c+κE k)λβn)
12
√

3λβ(n−1)2 for the BSQ and ASQ cases
respectively.
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Internal Contest (k > 0) External Contest (k = 0)

Best

Solution

Quality

(BSQ)

V ∗=Min
[ (c+κE k)λβn(αθ(n−1)−2(c+κE k)λβn2)

κCDk(n−1)2 ,VB
]

if λβ < αθ(n−1)
2(c+κE k)n2

V ∗ = VB if λβ < αθγ(n−1)
2cen2

V ∗ = 0 if λβ≥ αθ(n−1)
2(c+κE k)n2 V ∗ = 0 if λβ≥ αθγ(n−1)

2cen2

Aggregate

Solution

Quality

(ASQ)

V ∗=Min
[ (c+κE k)λβn2(αθ(n−1)−2(c+κE k)λβn)

κCDk(n−1)2 ,VB
]

if λβ < αθ(n−1)
2(c+κE k)n

V ∗ = VB if λβ < αθγ(n−1)
2cen

V ∗ = 0 if λβ≥ αθ(n−1)
2(c+κE k)n V ∗ = 0 if λβ≥ αθγ(n−1)

2cen

Proposition 1.1. Given a contest budget VB and problem uncertainty λβ,

(a) The optimal reward for an internal (external) contest is non-monotone (monotone) in

the problem uncertainty.

(b) The internal contest reward for ASQ case will be no less than the reward for the BSQ

case.

Part (a) of the proposition provides the starting results that show the unique and

subtle aspects of an internal contest. In the case of an equivalent external contest, since

k = 0, the marginal benefit to the designer for increasing the reward level is positive and

results in the optimal reward being set to the maximum possible value, i.e. V ∗ = VB.

However, as seen in Lemma (1.1), at a fixed reward level external participants decrease

their effort level with increase in the problem uncertainty. Once it is beyond the threshold

specified in the above lemma, the equilibrium effort exerted by the participants is so

low that the expected solution value does not match the costs incurred by the designer.

Therefore there is no incentive for the designer to set a positive reward for the contest.

The optimal reward is thus monotone in the problem uncertainty for an external contest.
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In the case of the internal contest the reward varies with problem specification in a

more nuanced way. At low problem uncertainty, following Lemma (1.1), the participants

compete more on the effort level since they have better control over the solution value

they generate. As the uncertainty increases, the effort levels drop significantly. While this

leads to a decrease in the expected solution value for the contest designer, she gains from

the decrease in opportunity costs associated with employee participation. At low levels of

uncertainty, while balancing this tradeoff, the designer finds it optimal to incentivize effort

by increasing the reward level. However, as the uncertainty increases, the marginal benefit

of increasing the reward level progressively decreases due to increasing opportunity costs.

At an intermediate level of uncertainty a further increase in the reward level becomes

unsustainable and the designer responds by scaling back on the reward level in order to

maximize the expected profits from the contest.

Similar to the case of the equivalent external contest, it is optimal to set V ∗ = 0 at

very high problem uncertainty. While Lemma (1.2) recommends not setting any extrinsic

reward, i.e. V ∗ = 0, for high problem uncertainty, we do not claim that crowdsourcing

in general is not possible. Our claim is limited to contests where the motivation for the

contestants is extrinsic or based on pecuniary incentives. (Figure) illustrates a numerical

example showing the trends in the optimal rewards for internal and external contests for

both objectives. The budget VB is set to the same value in both cases.

In the ASQ case the designer is interested in all the solutions while in the BSQ

case she is interested only in the best solution. Therefore the contest designer is benefited

more if each participant exerts more effort in the ASQ case than in the BSQ case.

Moreover, in the BSQ case the expected quality of the best solution is also benefited

by the solution diversity apart from the effort exerted by each participant. Overall, it is

therefore optimal for the designer to set a lower reward in the BSQ case. Part (b) of the

proposition capture this intuition. In contrast to the case where the aggregate quality of
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Figure 1.4: Numerical examples showing the comparison of the optimal reward deci-
sions between internal contests (k > 0) and equivalent external contests (k = 0) as a
function of the problem uncertainty.

the solutions is the objective (ASQ case), the expected quality of the best solution (BSQ

case) is enhanced by the variability in the solution quality. In the BSQ case therefore the

contest designer can leverage this variability and set a lower reward relative to the ASQ

case. Part (b) of the proposition summarizes this insight.

Proposition (1.1) underscores the need for a contest designer to exercise sensitivity

when designing internal contests (compared with external contests). Specifically, internal

contest rewards should be fine-tuned to the problem at hand and participant market

characteristics. Unlike an external contest, the benefits of internal contests can be

enhanced by optimizing the reward amount and tailoring it to the underlying objective of

achieving the best solution or a stack of good solutions.

While we have discussed the characteristics of internal contests and highlighted

the difference in the setting of rewards between internal and equivalent external contests,

a relevant question in practice is regarding the choice between the two modes in order to

source innovations by the firm. The allure of not incurring search costs in the case of

external contests also comes with the issues related to securing the generated intellectual

property. Since the contest designer has more control over the employees of the firm
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compared to participants outside the firm’s boundaries, external contests will be expected

to be at a higher risk of leakage associated with intellectual property. The next proposition

describes the nature of the contest designer’s decision of choosing between an internal

and an external contest in the presence of leakage risk for external contests.

Proposition 1.2. The contest designer’s comparative profit from internal contests over

external contests decreases with the contest budget and increases with the intellectual

property leakage risk of external contests.

Figure 1.5: The threshold values γ∗ plotted as a function of the budget available with
the contest designer (VB) for the ASQ and the BSQ cases. For γ < γ∗, the internal contest
is preferred over the external contest.

When the budget available is more than the optimal reward for the internal contest,

the expected solution quality from the internal contest will remain constant even with a

decreasing budget. On the other hand for an external contest the expected solution quality

will decrease with decreasing budget. The differential between the expected solution

qualities of external and internal contests will then shrink with decreasing budget. Then,

for low enough budget and high leakage effects, internal contests offer better benefits

to a contest designer over external contests. Figure 1.5 illustrates a numerical example

identifying regions in γ where the internal contests are favorable over external contests.
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What is interesting is that it is the interaction between contest budget and intellec-

tual property leakage risk that drives the choice between internal and external contests.

Low contest budgets are particularly the case with early-stage idea generation and concept

development tasks when the firm is also more sensitive to leakage risk. This may explain

the reason why companies like Qualcomm and IBM have turned to internal employee

participants for concept development contests. External contests may be more suited for

more detailed and tailored problem-solving.

We now characterize the internal contest further in the next lemma, specifically

focusing on the expected solution quality when the designer sets the optimal reward.

Lemma 1.3. The expected values of solutions generated from internal contests are as

follows:

(i) BSQ case: S∗BSQ =
θ
(
αθ(n−1)−2(c+κEk)λβn2)

2nκCDk(n−1)
+θλβlog(n)

(ii) ASQ case: S∗ASQ =
θn(αθ(n−1)−2(c+κEk)λβn)

2κCDk(n−1)

The expected quality of the best solution consists of two additive components;(i)

Solution component contributed by the effort level of the participants and (ii) Solution

component contributed by the problem uncertainty and the number of participants. While

an increase in the uncertainty and number of participants dampens the first (effort-driven)

component, it increases the second component. Consistent with Terwiesch and Xu 2008

and Boudreau, Lacetera, and Lakhani 2011, we refer to this component as solution

diversity.

As seen from Lemma (1.3), the number of participants has an implication on the

expected solution quality. From Lemma (1.1) it is clear that for a fixed reward amount

an increase in the number of participants will decrease the optimal effort level. As

the number of participants increases, the solution value in the BSQ case will then be

determined increasingly by the diversity component and less by the effort level of the
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participants. In order to minimize opportunity costs the designer will then rely more

on the ”upside” associated with the diversity component and decrease the reward. The

optimal reward will therefore be expected to decrease with an increase in the number of

participants in the contest.

The reward will also be expected to decrease with the magnitude of the opportu-

nity costs, k, as the contest designer will try to minimize costs by reducing the incentive

to the employee participants. The effect of k on the expected solution quality is more

nuanced and is better explained by looking at the role of problem uncertainty.

In the BSQ case, for low enough k, the expected solution quality decreases

with increasing problem uncertainty while for a high k the observation is opposite.

The intuition behind can be grasped with the help of the numerical example in figure

1.6. As per Lemma (1.2), the designer sets a higher reward at lower k. Consequently,

the participants put in higher effort levels at lower k. As a result, at a lower k, the

contribution of the effort towards the expected solution quality will be higher relative to

the contribution of solution diversity. An increase in problem uncertainty at this stage

then leads to participants reducing their effort levels and thereby the contribution of effort

towards the expected solution quality. When k is high, however, the optimal reward is

low, resulting in participants exerting low effort levels towards the contest. The expected

solution quality is then determined more by solution diversity relative to the participant

effort level. Therefore, an increase in the problem uncertainty at this point increases the

expected solution quality.

In the ASQ case the expected solution quality is solely dependent on the effort

levels exerted by the employee participants. Since participants exert less effort when

problem uncertainty increases or k increases, the aggregate solution quality decreases as

well. All the above observations are summarized in the next proposition.

Proposition 1.3. In an internal contest, the optimal reward and the expected solution
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Figure 1.6: Quality of the best solution as a function of the problem uncertainty. The
left panel represents the case with a low magnitude of opportunity costs (k = 0.07), and
the right panel represents the case with a high magnitude of opportunity costs (k = 0.5).

quality have the following properties:

(a) BSQ case:

(i) The optimal reward decreases with the number of employee participants.

(ii) The optimal reward decreases with the magnitude of opportunity costs.

(iii) The expected solution quality increases with problem uncertainty if and only if the

magnitude of the opportunity costs is above a certain threshold.

(b) ASQ case:

(i) The optimal reward decreases with the magnitude of opportunity costs.

(ii) The expected solution quality decreases with problem uncertainty.

Compared to the reward in small firms, the contest designer should set a smaller

reward for large firms when she is interested in the best solution. The firm can leverage the

greater solution diversity in large firms and rely less on the contribution of the employee

effort. If the problem calls for the participation of senior employees whose time is more

valuable for the firm, then the reward should be set low enough to induce low effort.

The firm in this case should leverage the solution diversity, thereby tapping into their

experience and wisdom. In case of junior employees with relatively lower opportunity
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cost impact on the firm, the firm should try to leverage both the effort towards the contest

and the solution diversity by setting a higher reward.

1.4.3 Opportunity Cost Sharing Policies of the Firm

In this section we focus on the firm’s opportunity cost sharing policy decisions.

In order to highlight the relevance of the contest designer, we consider two cases, one

where the firm does not engage a contest designer to design the contest and the other

with a contest designer. For both cases we then compare the firm’s optimal cost sharing

policies when the incentive scheme for the contest designer is fixed at α.

Opportunity costs are shared between the firm and the employee contestants:

In the absence of a contest designer the firm takes the role of design and sets the

reward. As specified in the model setup section, the firm does not actively set the problem

specification and uses a preset specification arbitrarily denoted by λ. For analytical

tractability we consider sequential optimization for the decisions κE and V . We consider

two cases: In the first case the firm sets κE followed by the reward V . In the second case

the firm sets V followed by the cost sharing parameter κE . We find that the first case is

not so interesting in the κE decision as we get corner solutions. We consider the second

case in our analysis. The next lemma characterizes the firm’s κE decisions.

Lemma 1.4. When the firm does not engage a contest designer and sets the cost sharing

policy for employees participating in the internal contest, the optimal decisions are as

follows:
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(a) BSQ case:

κ
BSQ
E =


1 if λβ < (n−1)VB

2nθ

(c+2k)(n−1)VB−2cnθλβ

k((n−1)VB+2nθλβ)
(n−1)VB

2nθ
≤ λβ≤ (n−1)VB(c+2k)

2cnθ

0 if λβ > (n−1)VB(c+2k)
2cnθ

(b) ASQ case:

κ
ASQ
E =


1 if λβ < (n−1)VB

2n2θ

(c+2k)(n−1)VB−2cn2θλβ

k((n−1)VB+2n2θλβ)
(n−1)VB

2n2θ
≤ λβ≤ (n−1)VB(c+2k)

2cn2θ

0 if λβ > (n−1)VB(c+2k)
2cn2θ

The following insights can be inferred from the above lemma.

Proposition 1.4. When the firm does not engage a contest designer, the optimal cost

sharing policy for the employee participants has the following features:

(a) κ
BSQ
E ≥ κ

ASQ
E , i.e., the firm makes the employees incur a higher fraction of costs in the

BSQ case.

(b) κ
BSQ
E increases with the number of participants while κ

ASQ
E decreases with the number

of participants.

(c) In both cases the firm makes the employee incur a higher fraction of costs when the

magnitude of opportunity costs increases.

(d) The firm will make employees incur a lower fraction of opportunity costs as the

problem uncertainty decreases.

In the current case it turns out that for both the ASQ and BSQ cases the firm

sets the reward to VB, the budget available towards the reward. Note that the BSQ case

is benefited more by the solution diversity than the ASQ case. The firm then has the
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incentive to make the employees scale back their effort more in the BSQ case compared

to the ASQ case. Part(a) of the proposition highlights this observation. Solution diversity

is also benefited by an increase in the number of participants. Therefore the firm has

an incentive to increase κ
BSQ
E with number of participants. On the other hand, in the

ASQ case, the solution quality is determined by the aggregate effort of the participants.

Since participants decrease their effort levels at symmetric equilibrium with increase in

number of participants, the firm will have the incentive to decrease κ
ASQ
E with increased

participation so that employees are motivated to increase their effort. Part(b) summarizes

this observation. Part(c) conveys that when the magnitude of opportunity costs (k) is high

the employee time is very valuable towards other projects and the firm will increase κ
ASQ
E

and κ
BSQ
E . As the problem uncertainty increases, the employee participants have lower

incentive to exert effort since they have lower control on their solution quality. The firm

in this case decreases κ
ASQ
E and κ

BSQ
E to incentivize employee participants to increase

their effort towards the contest. Part(d) of the proposition highlights this observation.

The firm can reduce its opportunity cost burden by making the participants

compensate for a part of the time they spend on the internal contest. For example

employee participants can be made to work extended hours to compensate for a part of

the time spent on internal contests. Since personal time will be more costly than regular

office hours for the employees, κE can be interpreted as the magnitude of costs associated

with sacrificing their personal time towards the firm. In such a case the firm should

impose less personal time costs when it is interested in increasing the aggregate quality

than when it is interested in the solution with the best quality. When the interest is in

the best solution, a large firm will make the employee participants work more during

their personal time compared to a smaller firm. On the contrary, a large firm will make

the employee participants work less on their personal time when the interest is in the

aggregate solution value.
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Opportunity costs are shared among the Firm, Contest Designer and the Employ-

ees:

In this case the firm engages a contest designer and sets κE , the cost sharing

fraction for the employee participants. The incentive to the contest designer is set to

α. For parsimony we consider the case where the firm sets κCD = α(1−κE). The firm

incurs the remaining (1−α)(1−κE) portion of the opportunity costs. The next lemma

summarizes the optimal κE decisions for the firm. In order to avoid a singularity in the

firm’s profit function, we avoid the case where κE = 1, i.e., the firm and contest designer

don’t incur any opportunity costs. We internalize this by imposing a lower limit on

problem uncertainty, which is moderated by ε > 0.

Lemma 1.5. The optimal opportunity cost sharing policy for the employee participants

when these costs are shared among the firm, the contest designer and the employees is as

follows:

(a) BSQ case:

κ
BSQ
E =


1−
√

4(c+k)2λ2β2n4−α2θ2(n−1)2

2kλβn2 if (n−1)αθ

2(c+k)n2 + ε≤ λβ≤ (n−1)αθ

2n2
√

(k+c)2−k2

0 if (n−1)αθ

2n2
√

(k+c)2−k2
≤ λβ≤ (n−1)αθ

2cn2

(b) ASQ case:

κ
ASQ
E =


1−
√

4(c+k)2λ2β2n2−α2θ2(n−1)2

2kλβn if (n−1)αθ

2(c+k)n + ε≤ λβ≤ (n−1)αθ

2n
√

(k+c)2−k2

0 if (n−1)αθ

2n
√

(k+c)2−k2
≤ λβ≤ (n−1)αθ

2cn

The following insights can be inferred from the above lemma.

Proposition 1.5. When the firm engages a contest designer, the optimal cost sharing

policy for the employees has the following features:
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(a) κ
BSQ
E ≤ κ

ASQ
E , i.e., the firm makes the employees share a higher fraction of costs in

the ASQ case.

(b) κ
BSQ
E decreases with the number of participants while κ

ASQ
E increases with the number

of participants.

(c) In both cases the firm makes the employees share a higher fraction of costs when the

magnitude of opportunity costs increases.

(d) The firm will make employees share a lower fraction of opportunity costs as the

problem uncertainty decreases.

When the firm engages a contest designer to design the contest, its role is akin

to moderating the impact of the designer’s decisions. In the BSQ case for example, the

reward setting decision of the designer leverages the fact that the solution quality is

enhanced by the diversity component apart from the contribution of the effort level of

participants. Whereas, in the ASQ case, the expected solution quality is benefited from a

higher effort level. Therefore the designer has a higher incentive to induce effort levels

of participants in the ASQ case. The firm internalizes this motive and finds it optimal to

set κ
BSQ
E ≤ κ

ASQ
E . Part(a) of the proposition highlights this aspect. From proposition 1.3

we know that the designer decreases the reward level in the BSQ case when the number

of participants increases. This leads to a reduction in the effort level by the participants.

The firm then finds it optimal to increase the solution quality by decreasing κ
BSQ
E . In the

ASQ case the firm prefers to decrease the effort level of the participants by increasing

κ
ASQ
E . Part(b) of the proposition captures these observations. Similar to the insights in the

previous case where there was no contest designer, it is optimal for the firm to increase

κ
BSQ
E and κ

ASQ
E when k increases. Similarly the firm will decrease κ

BSQ
E and κ

ASQ
E when

the problem uncertainty decreases. Note that Parts (a) and (b) of this proposition make

opposite recommendations to the firm when compared to the recommendations from the

case without the contest designer. This is primarily because the firm tries to moderate the
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actions of the contest designer in the current case.

From a firm standpoint, the employee participants should face a lower burden

on their personal time when the objective is to find the best solution. A mid to large

level firm will make participants incur lesser opportunity costs compared to a smaller

firm when the interest is in the best solution. The observation will be the opposite if the

interest is in assembling all solutions.

Relevance of the Contest Designer:

In order to analyze the utility of the firm engaging a contest designer, we now study

the contribution of problem specification to the firm’s profits. We compare the profits

of the firm for the two scenarios of opportunity costs considered in the previous section.

For a given specification (λF ) used by the firm, we identify the problem specification

that needs to be used by the contest designer (λCD) to yield higher profits for the firm. A

comparison of the firm’s profits in the two cases leads to the next proposition.

Proposition 1.6. In the BSQ case the firm profits with a contest designer will be greater

through the designer’s deliberate problem specification.

The problem specification directly impacts the effort level chosen by the employee

participants since it moderates the extent of control they have on the returns to their

efforts. The ability to adjust problem specification can therefore be beneficial to the firm

and justifies engaging with the contest designer.

1.4.4 Problem specification as a decision variable for the Contest

Designer

We now turn to the case where the contest designer sets the problem specification

λ given that the reward structure consists of a single reward fixed at V . We use S(λ) =
ρS

λ
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to gain insights into the designer’s decision. This specification captures the notion of the

problem specification cost decreasing in λ. We first analyze the external contest. The

contest designer’s profit function takes the form

E[ΠCD
l (λ,V )] = αγE[ψl(λ,V )]−V − ρS

λ
− fc (1.7)

The next Lemma summarizes the optimal problem specification decisions.

Lemma 1.6. Given a fixed reward V , the optimal problem specification levels for an

equivalent external contest are as follows:

(a) BSQ case

I f
αθγ(n−1)V

2ceβn2 −ρS ≤ 0 then λ
CD
BSQ = λ

I f
αθγ(n−1)V

2ceβn2 −ρS > 0 then λ
CD
BSQ =


λ if λλ≥ αθγ(n−1)V−2ρSceβn2

2αθγceβ2n2 log(n)

λ if λλ < αθγ(n−1)V−2ρSceβn2

2αθγceβ2n2 log(n)

(b) ASQ case

I f
αθγ(n−1)V

2ceβn
−ρS ≤ 0 then designer will not hold the contest

I f
αθγ(n−1)V

2ceβn
−ρS > 0 then λ

CD
ASQ = λ

The earlier result in proposition 1.1 highlighted the fact that in an equivalent

external contest, it is optimal for the designer to set the reward to the maximum possible

level. With regard to the problem specification the decision is more nuanced. Specifi-

cally, in the BSQ case, Lemma 1.6 indicates that when the magnitude of the problem

specification cost (ρS) is low enough, the decision depends on the product λλ. Note that

λ and λ denote the bounds on the feasibility range for the problem specification. Since λ
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represents how broad or open ended the problem specification can be, the inference from

the lemma then is that for a high λ, the optimal decision is to set λCD
BSQ = λ. For a low λ, it

is optimal to set λCD
BSQ = λ. The intuition is that if λ is high, the designer can leverage the

solution diversity by setting λCD
BSQ = λ. For a low λ, the contribution of solution diversity

to the expected solution quality will be low. The contest designer then prefers setting

λCD
BSQ = λ to induce higher effort level from the participants and enhance the expected

quality of the best solution. When the cost of specification is high it is optimal to set

λCD
BSQ = λ in order to minimize costs due to problem specification.

In the ASQ case, if the magnitude of the specification cost is low then it is optimal to

set a tighter specification and induce higher effort from participants and increase the

aggregate quality of the solutions. Since the expected aggregate quality is determined by

the aggregate effort of the participants, high specification costs make it infeasible for the

designer to hold a contest. We now proceed towards analyzing the problem specification

decisions for an internal contest. The profit function for the contest designer is

E[ΠCD
l (λ,V )] = αE[ψl(λ,V )]−V −

n

∑
i=1

κCDke2
i −

ρS

λ
− fc (1.8)

The next lemma characterizes these decisions.

Lemma 1.7. In an internal contest with a fixed reward V the designer’s optimal problem

specification decisions are as follows:

(i) BSQ case

I f
(

αθ(n−1)V
2(c+κEk)βn2 −ρS ≤ 0

)
then λ

CD
BSQ = λ

(ii) ASQ case

I f
αθ(n−1)V

2(c+κEk)βn
−ρS ≤ 0 then designer will not hold the contest
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In the ASQ case also we find a similar result where high problem specification

costs make it optimal to set the problem specification to the broadest possible value.

The driving force is the cost reduction enabled by setting a more open ended problem

specification. When ρS is low, an increase in specification (decrease in λ), results

in improvement of the expected solution quality while also increasing the costs of

specification. An increase in the magnitude of opportunity costs (k) results in an increase

in λCD
ASQ. This is because an increasing k results in increase in opportunity costs for the

firm and in order to decrease these costs, the designer would prefer to induce lesser effort

from the participants by increasing λ. These observations are summarized in the next

proposition.

Proposition 1.7. (i) In the BSQ case, for a high magnitude of specification costs, the

contest designer will set a very broad or open ended problem specification, i.e., set

λCD
BSQ = λ, for both internal as well as external contests.

(ii) In the ASQ case, for a low magnitude of the problem specification costs, the problem

specification will be very highly specified (i.e. λCD
ASQ = λ) in the case of an external

contest. In the case of an internal contest, the problem specification will be increasingly

open ended as the magnitude of opportunity costs (k) increases.

When the objective is to find the best solution, the contest designer should increase

the solution diversity by setting an open ended problem specification. If the interest

is in collecting several solutions, the internal contest designer should set the problem

specification according to the severity of the opportunity costs. If the problem requires

senior employees, then the internal contest designer should set a broader or more open

ended problem specification compared to the case where junior employees are involved.

The external contest designer should set a high specification to induce high effort in the

external participants.
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1.5 Discussion and Conclusions

Contests offer enterprises an additional vehicle to solve their vexing technical and

business problems and to bring new products and ideas to market in a potentially cost-

effective manner. The existing literature on contests/tournaments has largely focused on

engaging the outside community of solvers. One of the contributions of the current work

is to propose, develop and characterize internal or intra-enterprise contests. In external

contests, the solution seeker need not bear the search costs incurred by the contestants,

but participation might be limited due to their opportunity costs. In an internal contest,

employees are insured by regular wages, so their opportunity costs for entering the contest

will be minimal. The solution seeker needs to judiciously set the reward and problem

specification in order to balance the tradeoff between increasing the value of the contest

output and decreasing the opportunity costs. A managerial implication in this regard is

that for innovation problems characterized by high uncertainty, a low reward is optimal

in case of an internal contest. For example open ended idea generation contests within

companies will need to be organized with small rewards.

A manager might face the choice between using an internal contest and an external

contest for sourcing innovation. We find that internal contests are particularly attractive

when the firm is budget-constrained and when IP issues are salient. An implication for

the manager’s contest organization strategy is that it may be beneficial to start small with

internal contests with smaller budgets to tap into the latent talent of existing employees.

For example, contests for identifying new products (where intellectual property leakage

is a serious issue) can first be organized as internal contests. Once the potential products

get past the fuzzy front end stage of development and invite heavy investment for scale-

up, the projects can be partitioned into problems that need solutions. These modular

problems will be expected to have a smaller risk with respect to IP leakage and can
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leverage external contests for sourcing solutions.

One of the major decisions facing firms is the manner in which the internal

contest participation opportunity cost is shared with employees and the contest designer.

Our findings from this analysis show the need to fine-tune the cost-sharing policies to

the interaction between the size of the contestant pool and the contest objectives. For

instance, we find that the firm should make employees share a higher fraction of costs

in the aggregate solution quality than in the best solution quality case. The employee

cost-share also increases with the magnitude of opportunity costs and with the problem

uncertainty in both cases. While the cost-shared with the employees in the best solution

quality case decreases with the number of participants, it increases with the number of

participants in the aggregate solution quality case. All these results depart significantly

from external contests (where there is no cost-sharing) and underscore the need for

specialized study of internal contests.

The preceding discussion leads us to consider a more general scenario of using

internal contests as part of the stage gate model of product development (Eppinger and

Ulrich 2007). Traditionally, the stage gate model is organized in a sequential fashion

where progress is made by crossing well defined milestones. Any bottlenecks on the way

can impede the product development progress. In such cases internal contests can be

used as a parallel mechanism to resolve bottlenecks associated with finding new ideas or

approaches. An advantage of internal contests over external contests in this regard are

the low coordination costs with solvers that help in a more efficient implementation of

the identified solutions.

The notion of problem specification is also increasingly important in today’s

fast-paced business environment. The initial or the so called fuzzy front end stage is

more open ended and requires considering diverse ideas, while the later stages are more

constrained and require finding solution within a constrained solution space. So, as one
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progresses from the initial to the final stages, the innovation problems that need solutions

will be more over specified. If internal contests are used to resolve the bottlenecks along

the stage gate pathway, an implication of our model is that the rewards will be lower for

the initial stages and higher for later stages.

The current paper is one of the early efforts to characterize internal contests and

our work, despite being driven by field-study applications, makes several assumptions

to build a model that offers managerial insights. In future work, our model needs to be

generalized to consider emerging decisions faced by field-study companies such as the

use of multiple contest awards, integration of the contest designer with the business units,

and adapting to the varying abilities of contest participants. Future work will also offer

decision support to contest designers when blending both internal and external contests

to minimize cost of innovation and development.

This chapter, in full, has been submitted as a manuscript to the journal Manage-

ment Science and was co-authored by Viswanathan Krishnan. The dissertation author

was the primary investigator and author of this paper.



Chapter 2

Managing Exploration and Execution

Employing the perspective that innovation is a multi-stage process that may be

usefully split into an exploration phase followed by an execution phase, we analyze

the open innovation setting where a seeker sources innovations through a contest. The

interaction between exploration and execution phases leads to insights into the effort

decisions by agents competing in the contest. While the execution efforts follow the usual

trends with costs and rewards, the implications on the optimal exploration efforts are

more interesting. The model predicts that from the seeker’s perspective, increasing the

reward beyond a threshold can decrease the probability of finding the solution. We also

use this exploration-execution model to study contest architecture along two dimensions

(i) Reward structure and (ii) Information structure. We provide recommendations for

contest design based on the objective of the innovation seeker.

2.1 Introduction

Innovation is associated with the creation of utilitarian value through the imple-

mentation of a novel idea or approach. The presence of a novel idea or approach by

itself is therefore not a sufficient condition for Innovation. The idea or approach has to

38
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be transformed into a value generating entity. Generation of a novel idea or approach

happens during the search for creativity, also termed as Exploration in the academic

literature. We refer to the process of generating value from the output of the exploration

process as Execution. A process view of innovation therefore needs to be an integrated

framework consisting of exploration and execution as sub-processes. However, past

research on Innovation has modeled it from a pure exploration perspective. In the current

work we capture the comprehensive essence of innovation by proposing an integrated

framework consisting of exploration and execution. A few more examples are discussed

in the subsequent section to motivate the need for an integrated framework.

Consider the example of developing a software program to forecast customer

demand for a product. The first step would be the creation of an algorithm or the intended

approach that would be central to the program. The next step would be the implementation

of the algorithm using known software execution tools. While the outcome of the first

step determines the feasibility of attaining the objective, the second step determines the

magnitude of the performance of the software program. The two steps correspond to the

exploration and execution phases that were discussed earlier. Note that execution can

yield value only if the exploration is successful. Similarly there is no value of exploration

unless its value is realized using execution.

As far as the paradigm of conducting innovation by firms is concerned, the

traditional way of organizing such activities involved creating dedicated functional units

(such as R & D divisions). The ideas and products exclusively flowed from these parts

of the organization. In recent times, this so called Closed Innovation paradigm has now

expanded and transformed into the Open Innovation paradigm where organizations also

look for new ideas and concepts from external sources. External sources can include

other functional units within an organization or from entities outside the boundaries of

the firm. Typically firms practice Open Innovation by publishing a specific problem
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in the public domain or on third party platforms such as Innocentive.com. Visitors are

encouraged to submit their solutions and compete for prizes.

Several real world Innovation sourcing mechanisms that represent Open Innova-

tion also exhibit the coupling between exploration and execution in their design. The

Goldman Sachs Student Challenge is designed to identify University students with cre-

ative thinking and problem solving skills for its internship program. The entries are in the

form of a one page writeup or a one minute video describing their solution for a real world

business problem. A successful entry therefore is expected to contribute a novel idea

and an implementation plan. Similarly the electronics company Qualcomm organizes

an internal contest to identify new product opportunities by tapping into the creative

thinking of its employees. Contestants have to initially submit a product idea along

with a business plan. On the website 99designs.com designers submit their proposals in

response to design work posted by customers. In order to differentiate themselves from

the competition, the designers will have incentive to put more effort into the execution of

their design idea. The non-profit organization XPRIZE organizes several contests with

high prize amounts to leverage open innovation and usher in technology development that

is beneficial to mankind. The $10 million Ansari XPRIZE awarded in 2004 was designed

to encourage participants “to build a reliable, reusable, privately financed, manned space-

ship capable of carrying three people to 100 kilometers above the Earth’s surface twice

within two weeks”. Similarly the $30 million Google Lunar XPRIZE (ongoing contest)

is aimed at bringing innovations to reduce the costs of lunar travel. Participating teams

need to launch a space vehicle and land a rover on the moon. These contest are very

execution intensive. The “The Economist-InnoCentive Challenge” organizes contests

via the crowd-sourcing platform innoventive.com to identify beneficial ideas for solving

public-good and business related challenges. This represents a more exploration intensive

contest since participants are not expected to show a working model of a solution. The
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contests in the real world can therefore be classified on the dimensions of exploration

and execution as specified by the objective of the contest.

To capture the essence of exploration and execution signified by the above exam-

ples, we model Innovation as a multi-phase process characterized by these dual aspects.

We specifically look at the context of competitive Open Innovation and answer the

following questions: How does the interaction between the exploration and execution

phases influence the expected solution? How should an Innovation seeker manage such a

multi-phase Innovation process? This is a significant departure from prior analytical work

that models Innovation as the random arrival of a breakthrough. Adding the dimension

of execution to Innovation also adds an extra attribute to the outcome. For example,

if the level of execution is interpreted as the performance, then the innovation seeker

needs to make a decision on her goal. For example one goal might be to increase the

chances of obtaining a solution with less emphasis on its performance (determined by

the level of execution). Another possible objective can be to obtain a solution with

good performance. While the former objective requires high exploration effort, the latter

objective also requires high execution effort as well. The institutional design can vary

between the two cases. In the current work we study different contest designs and provide

recommendations based on the innovation seeker’s objectives.

2.2 Literature Review

Prior research does not study innovation as an integrated entity involving explo-

ration and execution. Our current work therefore is related to the streams of literature

that deal with these two aspects separately.
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2.2.1 Exploration

Analytical modeling based research treated innovation as a pure exploration

intensive process. Execution on the other hand was studied in contexts outside innovation

and related to the completion of disambiguated tasks, such as project execution settings.

Through the current work we integrate the two streams of literature and position it as

being the first one to do so.

In the exploration literature, the seminal work that is relevant to our work is the

tournament model of research by Taylor 1995a. The paper highlights the efficacy of

tournaments in circumventing problems associated with contracting on research output. It

is based on a model that takes a pure exploration perspective of innovation. A sequential

search process with recall is used to model the behavior of agents engaged in the research

tournament. Each agent incurs a fixed sampling cost to arrive at a research solution.

The agent with the best quality solution wins a fixed reward. The unique equilibrium

is a symmetric threshold strategy where agents continue their sampling (or research)

activities till their solution satisfies a minimum threshold. Limiting the number of agents

to an optimal level maximizes the net research effort.

Reinganum 1982 studies optimal allocation to Research and Development using

differential game approach in a patent race context. R&D is modeled as a pure exploration

process with the time to achieve success governed by an exponential distribution. The

agents can decrease the expected time of arrival by increasing the R&D effort. The key

result is that in the presence of perfect patent protection, increase in competition increases

the investment of each firm in R & D. In Reinganum 1985 Research and Development

are considered as two different stages where success in the research phase is necessary to

reach the development stage. However the research question focuses only on the second

stage conditional on the research stage being a success.

Spulber 1980 studies R & D in a macroeconomic setting where the state of
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research is modeled as a Markov chain and the payoff from switching to development at

any point is dependent upon the research state. The economic planner has to optimally

allocate available resources between consumption, investment and research activities. An

optimal stopping rule in the level of current research is recommended as the best policy

for t he planner in deciding when to stop funding R & D. Though the model explicitly

defines the R & D process as a two-stage sequential process like ours, the returns from

development are a direct result of the state of research, effectively making it a one stage

model. In our work the returns from innovation are a direct result of the effort levels

by individual agents in each stage and there is no imposed correlation of effort levels

between the two stages.

In the recent innovation tournament literature, Terwiesch and Xu 2008 study

the optimal design of contests for specific types of innovation problems. The types of

Innovation problems are defined as Expertise-based, Ideation and Trial and Error. For

each type of problem they suggest optimal design of the contest. Applying the paradigm

of our work, these problem types can be classfied into either exploration or execution.

The expertise and ideation projects represent pure execution work and the trial and error

project compares with pure exploration work. Therefore none of the examples capture

the comprehensive notion of innovation that we project in our work. Erat and Krishnan

2012 study an innovation tournament context involving open ended design problems.

The focus of the paper is to devise institutional features that increase the diversity in the

proposed solutions.

Manso 2011 treats innovation as an exploration process involving learning. The

focus of the paper is to study incentives that would motivate an agent to engage more in

exploration or creating new approaches rather than resorting to exploitation or using the

current known approach. The key result is that agents should also be rewarded for failure

in order to motivate agents to take risks.
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Fu and Lu 2012 study the optimal design of R&D contests where the designer

can offer subsidies to the contestants in order to maximize the quality of the winning

solution. The key result is that subsidies help if the innovation process is challenging.

2.2.2 Execution

The notion of execution has not traditionally been associated with innovation.

In our model execution is characterized by scope uncertainty. Past research involving

settings where work is characterized by scope uncertainty include the seminal rank order

tournament model for work studied by Lazear and Rosen 1981. In this model the output

from agent’s effort is modulated by an idiosyncratic error component. The main result of

the paper is that in certain situations where monitoring output levels is high, workers can

be paid according to the ordinal rank of their output levels while maintaining the same

efficiency as output level based wage schemes.

The Tullock rent seeking contests also fall under our category of execution

projects. Fu and Lu 2012 study the optimal multi-stage design for tullock contests and

show that in order maximize the effort of agents, one contestant should be eliminated at

each stage and the entire prize should be given to a single winner at the end.

Moldovanu and Sela 2001; Moldovanu and Sela 2006; Moldovanu, Sela, and Shi

2012 focus on auction like contests where the efforts are observable and the outputs are

deterministic. The optimal prize structure and the design of sub-contests are studied for

different objectives of the contest designer.

In the next section we propose a comprehensive model that integrates the explo-

ration and execution aspects of innovation.



45

2.3 Model Setup

Consider the problem of a seeker who wants to source an innovation using the

Open Innovation contest approach. In order to motivate the outside solver community to

work on her problem there needs to be an incentive. We set this as reward V that is given

at the end of the contest to the solver (or agent) that generates the highest quality solution.

Once the contest is communicated to the agent community, the interested agents start

working on the problem. We simplify the setting by assuming only two agents 1. In the

same vein we also assume homogenous agents. Additionally, agents are risk-neutral and

temporal discounting is not considered.

Coming to the Innovation process, we consider it as a sequential process con-

sisting of exploration followed by execution. For convenience in exposition, imagine

that the exploration phase consists of idea (or concept) generation while the execution

stage consists of implementing that idea in order to generate value. We restrict the idea

quality θ to {0,1}, θ = 0 representing a “bad” idea or an idea that is not worth taking

to implementation or execution and θ = 1 denoting a “good” idea that is worth taking

to execution. First the agents conduct exploration or search for an idea of quality θ = 1.

Once they find one, they switch to execution to generate value from the idea. There are

two decisions that the agents need to make; (i) Effort to exert on exploration and (ii)

Effort to exert on execution. The modeling of the innovation process is discussed in more

detail below.

1. Innovation Process:

(a) Exploration: The objective of the agent in this phase is to find an idea that is

worth taking to the execution stage. We assume that the chances of finding the

1Since we are interested in characterizing the effect of the interaction between the exploration and
execution portions of the innovation process on the final solution and not on the effect of the magnitude of
competition (number of agents)
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“good” idea (θ= 1) increase with increasing effort. We capture this by defining

the probability of finding a good idea as P(θ = 1) = peR, where p ∈ (0,1)

and eR ∈ [0,1]. eR is the effort exerted by the agent towards exploration and

p can be interpreted as a factor that captures the “difficulty” of exploration

associated with this innovation exercise. For example, to achieve the same

probability of success, a low value of p (difficult problem) calls for higher

exploration effort relative to a high value of p (easier problem). We assume

the cost of exerting exploration effort as cRe2
R.

(b) Execution: At the completion of exploration, the agent observes the outcome

θ and has to decide on the course of action. She has no incentive to exert

effort to develop or execute “bad” ideas. “Good” ideas (θ = 1) need to be

taken towards further development or execution. To qualify for the reward,

we impose a minimum required execution for the “good” ideas characterized

by c, the associated execution cost. In addition, the agents have the option

to add further value to the idea. This represents the level of execution that is

above the minimum stipulated by the seeker. The value generated from this

component, vD, is vD = θ(eD+ε) if eD > 0 and vD = 0 if eD = 0. eD ∈ [0,∞)

is the effort chosen by the agent towards this variable component of execution.

ε is the idiosyncratic component that moderates the outcome of this execution.

We assume that ε∼ N(0,σ2). Note that this definition captures the notion of

complementarity (execution efforts are valuable only with good ideas), as the

agents will have incentives to develop ideas only if they are “good” (θ = 1)

Kornish and Ulrich 2014. The seeker rewards the highest quality solution at

the end. We define the cost of the variable execution effort as cDe2
D. The total

cost of execution is c+cDe2
D, representing the cost of the minimum stipulated

execution and the value enhancing execution.
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2. Information Structure: Typical of knowledge work, we assume that the effort is

not observable. The final outcome is observable to the principal. Regarding the

intermediate outcomes, two different cases are possible: (i) Exploration outcomes

are public information and (ii) Exploration outcomes are private information. We

analyze both these cases in this paper.

Figure 2.1: Model timeline showing the two phase contest. Agents first pick the
exploration effort eR for idea generation. If exploration succeeds then agent pick
execution effort eD to enhance the value of the idea found during exploration.

The exploration and execution phases are also different in the nature of the

associated uncertainties. The uncertainty of the exploration process arises from the

idiosyncratic nature of the arrival of good ideas moderated by the parameter p and deter-

mined by the chosen exploration effort level eR. The probability of not finding the right

idea, (1− peR), represents the uncertainty associated with exploration. p represents the

systemic component (exogenous) while eR determines the endogenous component. The

execution phase uncertainty on the other hand is idiosyncratic development uncertainty

that is not dependent on the execution effort level exerted by the agent.

Figure 1 shows the timeline of the model. In the next section we provide the

characterization of the optimal effort levels exerted by the agents. We then study the

implications to the innovation seeker and discuss contest design.

2.4 Analysis

The section is organized as follows: First we analyze the base case where the

exploration outcomes are public information and single reward V is given to the winner
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at the end. In later sections we extend the base case to include intermediate rewards as

part of studying contest design.

2.4.1 Exploration Outcomes are Observable

In this setting, the effort allocation towards execution is conditional on the ex-

ploration outcome of the competitors. If the opponent is unsuccessful then there is no

incentive to compete on execution. The agents start competing on execution only if

both are successful in exploration. Lemma 1 characterizes the agents’ behavior in terms

of their choices of exploration and execution effort levels. Since we are working with

identical agents, we focus on the symmetric Subgame Perfect Nash Equilibrium of the

two agent contest.

Lemma 2.1. For a given V, the equilibrium exploration effort is

e∗R =
16pπcDσ2(V − c)

8πcDσ2(4cR + p2V )+ p2V 2 (2.1)

and the variable execution effort at equilibrium is

e∗D =


V

4σcD
√

π
i f (θ1 +θ2) = 2

0 i f (θ1 +θ2)< 2
(2.2)

where θ1and θ2 represent the idea qualities of agents 1 and 2 respectively

Proof. Provided in the appendix.

If the agent has a successful exploration (θi = 1), her decision on the amount

of execution effort is dependent on the information regarding her competitor. Lemma

1 uses θ1 +θ2 to characterize the optimal execution effort. θ1 +θ2 = 2 represents the

case where both agents succeed in their exploration. In this case the contest turns into a
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competition on execution, thereby incentivizing effort investment by both the agents. If

one or none of the agents is successful then there is no competition and thus no incentive

to exert execution effort beyond the required base level of execution, characterized by the

execution cost c. This case is captured by θ1 +θ2 < 2.

The above lemma allows us to note some interesting insights about the optimal

exploration and execution efforts. These are stated in the next proposition.

Proposition 2.1. (a)The optimal exploration effort decreases in cR and the optimal

execution effort is independent of cR

(b) The optimal exploration effort increases and the optimal execution effort

decreases in cD

(c) The optimal exploration effort increases and the optimal execution effort

decreases in σ

Proof. Results can be obtained by taking the appropriate derivatives of the results from

Lemma 2.1.

Once both agents succeed in exploration, the decision on the execution effort will

consider only the factors associated with execution and the final reward. Therefore as

Proposition 2.1a notes, the optimal execution effort is independent of cR. An increase

in cR in this case reduces the surplus upon winning the contest and leads to reduction

of effort towards exploration. On the other hand if execution becomes costlier (i.e., cD

increases), the agents have less incentive to invest towards execution and to differentiate

from the competition increase their exploration effort levels (Proposition 2.1b). Similarly,

an increase in the uncertainty associated with the execution output decreases the control

that agents have on the execution level, leading to a decrease in the effort allocation

towards execution and an increase in the exploration levels (Proposition 2.1c). Figures 2.2

and 2.3 show numerical examples highlighting Propositions 2.1b and 2.1c respectively.
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Figure 2.2: Optimal exploration (left panel) and execution effort (right panel) plotted as
a function of cD, the cost associated with execution. V = 2, cR = 1, p = 0.9, σ = 0.27,
c = 0.02.

Figure 2.3: Optimal exploration (left panel) and execution effort (right panel) plotted
as a function of σ, the idiocyncratic error associated with the output of execution effort.
V = 3, cR = 1, cD = 1, p = 0.9, c = 0.02.

Designing the Reward structure: Size and Distribution

So far we characterized the interaction of the processes on the optimal effort

levels. We now discuss one of the main results of this paper through the characterization

of the effect of the reward V on the exploration and execution efforts. The results are

stated in the next proposition.

Proposition 2.2. (a) The optimal exploration effort e∗Rcan be non-monotone in V

(b) The optimal execution effort when both agents succeed in exploration, e∗D

monotonically increases in V

Proposition 2.2b is straightforward in that given both agents succeed during
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exploration, the extent of execution will increase as the payoff increases. The result from

Lemma 1 reflects this observation. Coming to Proposition 2a, we can understand the

mechanism for this behavior using the numerical example shown in Figure 2.4

Figure 2.4: Plots showing the trends in the optimal exploration effort (left panel) and
the optimal variable execution effort when both agents succeed in exploration (right
panel).cR = 1,cD = 6, σ = 0.27, p = 0.95, c = 0.01.

Successful exploration is necessary to win the contest. For low reward levels

there isnt enough incentive for the agents to invest a lot of effort towards exploration and

as a result the probability of achieving success during exploration is low. An increasing

reward at this stage incentivizes higher exploration in order to increase the likelihood

of achieving exploration success. As agents increase their exploration effort levels, the

probability that both agents are successful in exploration also increases. To differentiate

from the competition, agents find it optimal to increase their effort towards execution

as well. While agents increase their effort levels across both exploration and execution,

the convexity of the associated costs decreases the expected surplus from the contest.

At this stage, since the competition is primarily on the level of execution, agents find it

optimal to scale back on their exploration efforts while investing further into execution.

This results in the trend seen in the left frame of Figure 2.4.
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Since the probability that a solution is found (i.e. at least one of the agents is

successful in exploration) scales with e∗R, the above observation has an implication for the

innovation seeker. Specifically, setting a high reward can also decrease the probability

that the seeker obtains a solution through the contest. From a seeker’s standpoint, two

measures are of particular interest: (1) Probability of finding a solution and (2) Expected

quality or execution level of the winning solution. While e∗R can be used as a measure of

(1), Lemma 2 provides a comprehensive characterization of (2).

Lemma 2.2. The expected quality of the solution from the contest is

E(vD|e∗R) =
(

16πcD(V − c)p2σ2

8πcDσ2(4cR +V p2)+ p2V 2

)2( V
4σcD

√
π
+

σ√
π

)

Proof. Please refer to appendix A2

Lemma 2.3. The expected quality of the solution conditional on the arrival of the solution

is

E(vD|e∗R,θ1 +θ2 > 0) =
pe∗R

(2− pe∗R)

(
V

4σcD
√

π
+

σ√
π

)
Proof. Please refer to appendix A2

So far we have characterized the agent’s behavior in response to the contest

specifications. We now use the two measures described above to study the contest design

implications for the innovation seeker.

The observation from Proposition 2.2 offers opportunity for contest design. From

Figure 2.4 the insight is that setting the reward to an intermediate level maximizes

the probability of at least one of the agents succeeding in exploration. Proposition

characterizes the optimal reward level that maximizes this probability.

Proposition 2.3. The reward level that maximizes the seeker’s probability of obtaining a
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solution from the contest is

Vopt = c+

√
c2 +8πcDσ2c+

32πcRcDσ2

p2 (2.3)

Proposition 2.3 is apt for a context where the reward has to be given at the end

of the contest. If there is flexibility to introduce an intermediate reward at the end of

exploration then it is imperative to characterize the solution attributes in this new setting.

Instead of giving the entire reward V at the end of the contest, we look at the case where

the total reward V is split into a milestone award αV (α∈ [0,1]) awarded to the agent that

is successful in exploration and a final reward (1−α)V given to the agent that produces

the most valuable solution at the end of the contest. If both agents succeed in exploration

then they share the milestone award. Lemma 2.4 characterizes the equilibrium effort

levels and the expected solution quality for the innovation contest with the milestone

reward.

Lemma 2.4. In a contest where αV (α ∈ [0,1]) is awarded at the end of exploration, the

optimal exploration effort is

e∗R =
16pπcDσ2(V − c)

8πcDσ2(4cR +V p2)+(1−α)2 p2V 2 (2.4)

the variable execution effort at equilibrium is

e∗D =


(1−α)V
4σcD

√
π

i f (θ1 +θ2) = 2

0 i f (θ1 +θ2)< 2
(2.5)

and the expected quality of the solution is

E(vD|α) =
(

16πcD p2σ2(V − c)
8πcDσ2(4cR +V p2)+(1−α)2 p2V 2

)2(
(1−α)V
4σcD

√
π
+

σ√
π

)
(2.6)
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Setting a milestone reward exclusively for the exploration component is expected

to incentivize exploration. A comparison between equations 2.1 and 2.4 indeed shows

this expected result. For the same total reward amount, splitting into the exploration

component and execution component increases the exploration effort at equilibrium.

Setting a milestone award decreases the reward towards execution. Therefore once an

agent is successful in exploration there is a decrease in the incentive towards execution.

So, while the exploration effort increases, the execution effort conditional on exploration

success decreases. This can observed by directly comparing equations 2.2 and 2.5.

However, the impact on the expected level of execution of the winning solution is more

interesting. The increase in exploration effort and a decrease in the execution effort noted

earlier interact and lead to a curvilinear dependence of the expected level of execution

effort as shown in Figure 2.5. In this figure E(e∗D|θ1 + θ2 > 0) reaches a maximum

at 0 < α∗ < 1. Note that compared to the case of α = 0 (base case with no milestone

reward), E(e∗D|θ1 +θ2 > 0) is greater for α = α∗.

Lemma 2.4 makes it optimal for the innovation seeker to institute milestone

awards in order to obtain a well executed solution from the contest. Lemma 2.5 charac-

terizes the optimal milestone reward in terms of the fraction α∗.

Figure 2.5: Plots showing the optimal exploration effort (left panel) and the expected
level of execution (right panel) as a function of the reward split parameter α. V = 3,
cR = 1, cD = 6, σ = 0.145, p = 0.95, c = 0.01.
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Lemma 2.5. In a contest with a milestone award for the exploration outcome, the

optimal way to split the reward level to maximize the expected quality of the solution is

(i) α∗ = 0 if σ2cD > 3p2V 2

8(π−2)V p2+32πcRcD
(ii) α∗ =

1−
(

8cDσ2

3V

)[√
1+ 3π(4cR+V p2)

8cD p2σ2 −1
]

if σ2cD ≤ 3p2V 2

8(π−2)V p2+32πcRcD

Proof. Please refer to Appendix A3.

The next proposition characterizes the effect of the total reward on the optimal

intermediate reward.

Proposition 2.4. The optimal milestone award decreases in cR

Proof. From Lemma 2.5 it can be seen that dα∗

dcR
> 0

So far we have analyzed the contest settings where the exploration outcomes are

public. In the next section we analyze the case where the outcomes of exploration are

private information and the reward V is given at the end of the contest.

2.4.2 Exploration Outcomes Unobservable

In the previous cases the agent’s execution effort level was independent of the

characteristics of the exploration phase due to the observability of the competitor’s

exploration outcomes. If the information is private to each agent then the decisions

for the efforts need to internalize all the possible exploration outcomes. Lemma 2.6

characterizes the symmetric subgame perfect Nash equilibrium for this scenario.

Lemma 2.6. There exists a symmetric sub-game perfect nash equilibrium where the

equilibrium level of exploration effort and execution effort are given by

e∗R =
4πcDσ2(4cR +V p2)

V 2 p3

(√
1+

V 3 p4

πcDσ2(4cR +V p2)2 −1

)



56

e∗D =


0 i f θi = 0
√

πσ(4cR+V p2)
V p2

(√
1+ V 3 p4

πcDσ2(4cR+V p2)2 −1

)
i f θi = 1

Proof. Please refer to appendix.

Since success during exploration is necessary to win the reward, a negative result

in the first phase guarantees that agents have no incentive to exert execution effort. If

success is encountered during the exploration phase then the agent has to select the

execution effort while internalizing the possibility of the competitor being successful in

the idea generation as well. The expressions for the optimal effort levels capture these

interactions. Lemma 2.6 can be used to study the the role of institutional features and

problem characteristics on agent behavior. First we look at the effect of the costs involved

with the two phases, i.e., cR and cD. If exploration becomes costlier then the agents lose

incentive to maintain high effort levels during exploration. A reduction in the exploration

efforts implies that the likelihood of both agents being successul in exploration at the

same time also decreases. Therefore a lower likelihood of success during exploration

incentivizes agents to reduce their execution efforts as the exploration becomes costlier.

Figure 2.6 shows a numerical simulation indicating the monotonically decreasing nature

of the effort levels with cR. The next proposition summarizes these observations effect of

an increasing cRon the optimal effort levels.

Proposition 2.5. (a) Optimal exploration effort increases as execution gets costlier

de∗R
dcR

> 0

(b) Optimal execution effort decreases as execution gets costlier

de∗D
dcR

< 0
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Figure 2.6: The effect of cR on the optimal exploration and execution effort. In both
cases the effort decreases monotonically with cR.

While these observations are on expected lines the effect of the execution costs

on the optimal effort levels is more nuanced. An increase in cD will decrease the optimal

execution effort level. Lower execution effort levels in equilibrium gives agents less

room to differentiate themselves from competitors during execution. The competition

therefore will be more focused on being successful during the exploration phase. The

optimal exploration efforts are then expected to increase as the execution phase becomes

costlier. Figure 2.7 shows a numerical simulation of the optimal exploration effort level

as a function of the execution cost parameter cD. The next proposition summarizes these

results.

Figure 2.7: The effect of cD on the optimal effort levels. Exploration effort increases
monotonically with cD while the execution effort decreases with cD.
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Proposition 2.6. (a) Optimal exploration effort decreases as execution gets costlier

de∗R
dcD

< 0

(b) Optimal execution effort decreases as execution gets costlier

de∗D
dcD

< 0

The uncertainty associated with execution or scope uncertainty gives rise to

similar surprising insights. An increase in σ makes the execution phase very noisy and

discourages agents from investing high efforts upon achieving success during exploration.

An increasingly noisy execution phase shifts the competition to the exploration phase,

effectively turning the contest into a lottery. The agents can increase their chances of

winning by increasing the probability of successful exploration, leading to the increase in

the optimal exploration effort levels. Figure 2.8 highlights the trends using a numerical

example. These insights are summarized in the next proposition.

Figure 2.8: Optimal exploration and execution efforts plotted as a function of the scope
uncertainty parameter σ

Proposition 2.7. Exploration effort increases with increase in the uncertainty associated
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with execution
de∗R
dσ

> 0

Good ideas on average are less developed with increase in uncertainty associated with

execution
de∗D
dσ

< 0

We now discuss the role of the Institutional features on the agents’ optimal effort

levels. Specifically we study the effect of the reward V . For a very low reward the

incentive to participate in the contest is very low. As the reward increases from a very

low value, the agents are motivated to invest in exploration. An increasing reward is will

also increase the incentive to exert high execution effort. This is because, once success is

found during exploration, an increase in execution effort increases chances of winning the

reward. However, increasing execution effort decreases the net payoff to the agents and

this would in turn drive the exploration effort downward. The two competing mechanisms

will result in a non-monotonic behavior of the optimal exploration effort with reward as

shown in Figure 2.9. These insights are summarized in the next proposition.

Proposition 2.8. (a) Optimal execution effort increases with increase in the contest

reward
de∗D
dV

> 0

(b) Optimal exploration effort is non-monotonic in reward

So far in this section, we have characterized the agent’s response to the contest

design. As discussed earlier, from the innovation seeker’s perspective, there are two

measures of interest: The probability of obtaining a solution and the expected execution

level of the contest winning solution. While the probability of obtaining the solution

scales with e∗R, Lemma 2.7 characterizes the expected execution level of the contest
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Figure 2.9: Optimal exploration and execution efforts plotted as a function of V, the
contest reward.

winning solution.

Lemma 2.7. The expected level of execution of the winning solution is

E(v∗D|e∗R,e∗D) = (pe∗R)(pe∗R)(e
∗
D +

σ√
π
)+2pe∗R(1− pe∗R)e

∗
D (2.7)

Proof. Please refer to appendix A4.

In cases where the probability of obtaining a solution is non-monotonic in V (like

in figure 2.9), the innovation seeker can maximize the likelihood of obtaining a solution

at the end of the contest by picking an optimal reward (V ∗) . Figure 2.10 has multiple

panels showing the numerical results for the optimal reward (V ∗) as a function of the

parameters associated with the exploration and execution processes.

2.4.3 Comparisons across contest designs

The contest design that the seeker needs to employ has to be discussed in the

context of her objective. We consider three objectives in this paper. (1) Obtain the highest

quality solution, (ii) Maximize the probability of finding a solution and (iii) Maximize

the expected solution quality. We then compare the three contest designs (Observable
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Figure 2.10: Panel shows the variation of the optimal reward (left column) and the
expected execution level of the solution (right column) with cR (c), cD (a) and σ (b). For
(a) cR = 1,σ = 0.2. For (b) cR = 1,cD = 6. For (c) cD = 2,σ = 0.2.

without milestone reward, Observable with milestone reward and Unobservable contest)

w.r.t. each objective and make recommendations.

Obtain the highest quality solution

If the seeker is looking for the highest quality solution (not concerned about

the probability of getting it) then the observable design without the milestone award is

optimal. Under this design the highest quality solution is obtained when both agents

succeed in exploration and compete for the reward V during the execution stage. In
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comparison, with the unobservable design, while selecting the effort towards execution,

the agents have to factor in the probability of the competitor not finding the idea. This

leads to a lower effort towards execution compared to the observable case discussed

earlier. This observation is noted in the next proposition.

Proposition 2.9. The observable outcome contest design with a single reward (no mile-

stone reward) is preferred if the seeker is looking for the highest quality solution

Proof. Please refer to the Appendix.

Maximize the probability of finding a solution

With the observable outcome design, the agents have information about their

competitor’s exploration outcome. The agents can condition their response towards

the execution effort on this information. The availability of this option of getting out

of the contest after the exploration phase is expected to increase their efforts towards

exploration. However, if agents maximize their effort towards exploration then there is

a higher chance of both of them competing in the execution phase. The surplus from

winning the contest will be reduced if this situation happens. The equilibrium effort

towards exploration therefore has to internalize this tradeoff. Similar tradeoff exists in the

unobservable exploration case as well. However the difference is that in the unobservable

outcome scenario, a successful agent will always proceed to exerting effort to improve

the solution quality as she is unsure about the exploration outcome for the competitor.

The possibility of encountering the situation where both agents are successful in

exploration needs to be internalized in the agent’s selection of execution effort. We find

that this possibility makes the agents select lesser exploration effort with the observable

design compared to the unobservable design. However if a milestone award is instituted

for the observable design then the additional incentive can increase the effort towards

exploration. Since the exploration effort determines the probability of finding a solution,
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the implication then is that in order to maximize the probability of finding a solution, the

observable case with a milestone reward dominates the unobservable design. The next

proposition summarizes the necessary and sufficient condition for the observable with

milestone reward contest to have a higher probability of finding a solution relative to the

unobservable contest design with no milestone reward.

Proposition 2.10. The observable contest with milestone reward will have a higher

probability of resulting in a solution compared to the unobservable contest without a

milestone reward if and only if

α > 1−
√

pe∗Ru

where α is the fraction of the total reward V designated as the milestone reward

for the exploration outcome and e∗Ru is the equilibrium exploration effort using the

unobservable contest design.

Proof. Please refer to appendix.

Maximize the expected solution quality

The expected solution quality is a function of the probability of finding the

solution and the execution effort exerted by agents upon succeeding in exploration. The

next proposition describes the conditions for picking between the observable outcome

design and the unobservable contest design. The conditions are given in terms of the

equilibrium exploration efforts for both designs.

Proposition 2.11. The expected solution quality is higher with an observable contest

with milestone reward if and only if

e∗Rα

√
V (1−α)+4cDσ2 > e∗Ru

√
V (2− pe∗Ru)+4cDσ2
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where e∗Rα
and e∗Ru are the equilibrium exploration efforts with the observable

with milestone award design and the unobservable design respectively

Proof. Please see appendix.

Note from the above condition that the milestone award design will dominate

the unobservable contest design only if e∗Rα
> e∗Ru since (1−α) < 2− pe∗Ru. Another

observation can be that if e∗Rα
< e∗Ru then unobservable contest results in greater expected

solution quality.

Figure 2.11: Summary of contest design recommendations. The horizontal dimension
represents observability and the vertical dimension represents the objective.

2.5 Discussion & Conclusion

The integrated framework that we propose in this work, as seen by the results in

the previous section, has several implications for the contest designer. Past tournament

literature studied the effect of competition on the designer’s probability of meeting her

objective and analyzed the use of restricted entry as a mechanism to maximize her utility

(Taylor 1995a; Fullerton and McAfee 1999). Our focus is different and is centered around
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uncovering novel mechanisms that modulate the designer’s probability of meeting her

objective.

The innovation seeker can obtain some value from the contest only if at least one

of the agents has successful exploration. Successful exploration is also a pre-requisite for

an agent to win the contest. However, due to the possibility of the competitor succeeding

in exploration as well, it is imperative for the agent to incur execution costs conditional

on successful exploration. The resulting tradeoff between reward and costs prevents

agents from exerting maximum possible efforts in exploration. The analytical expressions

for the efforts given in proposition 1 convey these observations. The optimal exploration

effort level is also the proxy for the designer’s probability of obtaining a solution through

the contest. The sequential nature of the exploration and execution processes offers a

real option valuation scenario for the agents. If the exploration is unsuccessful, they can

minimize their losses by not investing in execution.

The integration of exploration and execution also enables the analysis of the

innovation output along two dimensions: (i) Probability of finding a solution and (ii)

Level of execution of the solution. The comparative statics results offer a glimpse into

the interactions between the phases of innovation and their reflections on the output

dimensions. Previous studies on Innovation either looked at the arrival probability of

innovation or the quality of the arriving innovation. One of the two is held exogenous

in these models. For example, when looking at the quality of innovation, the arrival

probability of innovation is held at 1. If the research question studies the probability of

finding an innovation then the quality is held constant. In our framework on the other

hand, the arrival probability as well as the quality (proxy for the level of execution) are

determined endogenously. As a result, the innovation seeker (or the contest designer)

needs to pay careful attention to the interaction between the exploration and execution

phases and its effect on the expected solution characteristics.
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In our model, each phase is characterized by two parameters: cR and p for

exploration; cD and σ for execution. σ and p can be intepreted as the characteristics of

the designer’s innovation problem or as the abilities of the agents in conducting the two

phases while cD and cR can be interpreted as the proxies for the opportunity costs of

agents for undertaking the activities in the two phases (i.e. how costly the two kinds of

effort are to them). The implications of these parameters on the solution characteristics

will be discussed in the next two sections followed by the implications on contest design

in the last section.

2.5.1 Implications of Execution process on the solution characteris-

tics

Increasing cD for example makes execution very costly and agents respond by

investing less in developing a good idea. The designer will have to decrease the cost

burden on the agents if the objective is to get a very well developed idea. Qualcomm’s

intrapreneurship contest for example offers additional funding to candidates selected to

compete for the final round of their competition. The increase in cD also leads to an

increase in the exploration effort. Therefore, for a fixed prize amount, as cD increases, the

designer should expect that the solutions to her problem are found with more certainty

but at the cost of lower level of development or execution.

The uncertainty, σ, that is associated with the output of execution can be in-

terpreted as the level of control that the agents have on the output of execution. If an

innovation problem is associated with a high σ then it is recommended that the designer

be more open ended on the required execution level as the agents will exert less effort

towards execution. A lower σ on the other hand enables greater control to agents on the

output of execution and promotes competition based on the level of execution. An upside

for the contest designer in the presence of a high σ is that the agents are incentivized to



67

spend more effort towards exploration, thereby increasing the chances that a solution

is found. Another interpretation of σ can be that it represents the noise in the contest

designer’s evaluation of the execution output (the exeution output being deterministic).

The same trends in the optimal effort levels would hold in this case.

2.5.2 Implications of Exploration process on the solution character-

istics

Successful exploration is a prerequisite for agents to win the contest. An increas-

ing cost of exploration decreases the optimal efforts towards exploration and execution.

In such cases there might not be enough incentive for the agents to participate in the

contest. Increasing the reward can help in such cases but as will be discussed in the next

section, the effect is limited and in some cases can also decrease the optimal exploration

effort.

The exploration process is also characterized by the feasibility parameter p. A

high feasibility parameter implies that the innovation process is not limited by exploration

but by execution. Highly feasible exploration will make the execution phase to be the

decider of the contest. The contest designer can expect a high level of execution in

this case. A caution for the designer is that high feasibility does not necessarily mean

high exploration effort. The probability of finding a solution actually decreases for high

feasibility levels. This again happens because high feasibility shifts the competition to

the execution stage, leading to an increase in effort towards execution.

2.5.3 Implication of Reward level on solution characteristics

How should the contest designer set the reward level? Prior tournament literature

mostly analyzed contests with an exogenous reward. A straightforward implication in
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such cases is that the probability of finding a solution will monotonically increase with the

reward. An upper bound for the reward in these cases would be the value of the solution

to the contest designer. In contrast 2.9 identifies the tradeoff between exploration and

execution that results in a curvilinear relationship between the probability of exploration

success and the reward. The designer interested in maximizing the probability of finding

a solution should therefore set the reward at an intermediate level. If the objective is to

obtain a solution with a high level of execution, then increasing the reward would be

optimal.

2.5.4 Implications on Contest Design

Some rationales that past literature has discussed for holding tournaments to

source innovation are : (i) Overcome contractibility issues with research (ii) Increase

chances of obtaining extreme value solutions (iii) Increase diversity of ideas. A key

feature of contests that enables these is that while all the agents are induced to incur

costs, the designer only compensates only a few of them. Typically, the optimal design

makes the agents incur the maximum costs (i.e. the designer’s objective is to maximize

the cumulative effort from the agents). A multi-phase structure of Innovation calls for

re-visiting this objective. The exploration and execution efforts can be considered to

be of fundamentally different types. In the real world, the skill sets of the personnel

responsible for carrying out research are different from the skill sets of the staff engaged

in development or production. So, the contest designer should decide apriori if she wants

to source both the exploration and execution skill sets or just one of the two.

If the designer can perform execution more efficiently and is interested in primar-

ily sourcing exploration then a milestone award contest design with observable outcomes

is recommended. If the designer is looking for an extreme solution (high solution quality)

then the observable contest with a single reward at the end is recommended. In cases
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where the seeker needs to source both the exploration as well as execution skills then the

choice is between an observable contest with a milestone award and the unobservable

contest. The conditions for each case are given in proposition 11.

This chapter, in part, is currently being prepared for submission for publication

and was co-authored by Viswanathan Krishnan and Sanjiv Erat. The dissertation author

was the primary investigator and author of this paper.



Chapter 3

Creativity and Competition: A Process

View

The process of creative problem solving that is integral to generating innovation

and creativity is studied using laboratory experiments. Employing a unique insight

problem in the form of a puzzle, data is collected on every step that the participants

employ while working on the task. It is observed that piecerate incentives lead to a

better performance on the puzzle relative to an equivalent incentive based on competition.

Analysis of the process path employed by participants shows that they spend less effort

on the puzzle in the competition case and spend more effort when incentivized with

an equivalent piecerate incentive. The performance on the puzzle task is observed to

increase with an increase in the time spent on the puzzle. Several other process measures

are defined and compared across treatments.

70
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3.1 Introduction

Innovation is associated with a combined notion of novelty and utility and can

be viewed as outcome of successful problem solving. Extant research that is based on

modeling views it as a search process. Weitzman 1979 and Taylor 1995b constitute the

pioneering work in this context and model search as a sampling process. Innovation

is also sometimes modeled as the random arrival of a breakthrough (Keller, Rady, and

Cripps 2005). Empirical work on innovation has been primarily focused on analyzing

patent data and product sales data. Recent empirical work is focused on analyzing design

contests (Wooten 2015 and Gross 2015a). Recent experimental work by Erat and Gneezy

2016 uses Rebus puzzles to operationalize creativity. On the empirical and experimental

side the extant research is agnostic to the process involved in solution search. There is a

need to understand the ”black box” of search, specifically on how individual behavior

patterns during search impact the outcomes. Such an understanding can help managers

identify behaviors that are beneficial for creative problem solving and design systems to

incentivize these behaviors.

The current chapter is focused on using a new task design to study the process

involved in creative problem solving. While creativity is a very broad concept, we

employ one specific meaning: the generation or application of insight to define and solve

problems appropriately. In order to identify different patterns of problem solving, we

employ two different institutional mechanisms differentiated on the incentive structure.

We recruit participants to work on a creative problem solving task and either engage them

in competition with other participants to win an extra payment or offer a performance

based individual incentive. We will refer to these treatments as competition and piecerate

respectively.

We operationalize a creative problem solving context by designing an insight
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problem task. Figure 3.1 shows examples of insight problems.

Figure 3.1: Examples of insight problems. On the left all nine dots need to be joined
by a line drawn without lifting the pen from the paper.

Insight is linked to creativity and scientific discoveries (Finke 1995). Lubart and

Mouchiroud 2003 show that creative thinking aids in the solution of insight problems.

For the current study a variant of the insight problem shown on the right panel of figure

3.1 is used as the vehicle to analyze the process used by participants in arriving at a

solution for the task. The details are given in the next section.

3.2 Design of Experiment

Undergraduate students from the University of California San Diego were re-

cruited as subjects in the study. Each subject is made to work on a task and answer a

questionnaire. Figure 3.2 shows the puzzle used in this study. The figure is made of 8

rectangular green pieces (referred to as sticks from now on). The task for each subject is

to move exactly 4 sticks and form as many squares as possible. The squares can be of

any size. Each submission is assigned a score equal to the number of squares formed by

the sticks.
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Figure 3.2: The configuration of sticks shown to subjects at the start of the task. It has
5 squares formed by the sticks.

The task was programmed using javascript and is shown to subjects on a desktop

computer. The sticks can be dragged around using the mouse click. The allowed

duration for the task is 10 minutes. Each subject is given a guaranteed payment of

$5 for participating in the study. They are also incentivized to work on the puzzle

task according to the assigned treatment condition. The experiment consisted of two

treatments, Competition and Piece-rate. In the competition treatment, each subject was

in competition with an anonymous randomly chosen subject in the room. The person

that has a higher score (forms more squares) received the extra payment in dollars equal

to the number of squares formed. In the piece rate treatment, each subject received an

extra payment in dollars equal to half the score (i.e. number of squares formed). In both

treatments the subjects were given ten minutes to work on the puzzle.

Figure 3.3 shows sample submissions. Note that to get a high score the needed insight is

to form smaller squares than the ones at the start. The maximum number of squares that

can be formed in this puzzle by moving exactly 4 sticks is 16. Note that once a stick is

moved, it turns red in color. The score is given only to the submissions that have exactly

4 moved sticks. The scoring was done through manual counting.
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Figure 3.3: Sample solutions along with the scores submitted by the participants. The
maximum possible score is 16 and is obtained by forming smaller squares.

A total of 80 students participated in the competition treatment and 78 participated

in the piece rate treatment. 10 subjects from the competition treatment and 8 from the

piece rate treatment were discarded from data analysis as the submitted solutions were

invalid.

The experiment was conducted in several sessions and each session was either dedicated

to the competition treatment or the piece-rate treatment. At the beginning of each session

the rules for solving the puzzle are read out aloud to the subjects. In addition the rules

are also made visible on the computer monitor while they are working on the puzzle.

Figure 3.4 is a screenshot once the subject starts working on the puzzle. Once the oral

instructions are given, the subjects click the start button to the left of the puzzle area. The

initial puzzle configuration becomes visible and indicates the start of the task. The timer

below the puzzle indicates the remaining time. Once the task is ready for submission, the

subject can click the button on the right to submit his/her work. After submission the

subjects are asked to report the number of squares they made and their impressions about

the puzzle task. Along with questions on demographics, the questionnaire at the end also
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Figure 3.4: Screenshot after subjects starts working on the puzzle task. At any time the
”Reset puzzle” button below the puzzle box can be clicked to initialize the puzzle.

included 10 Remote Associates Test (RAT) questions (Mednick 1962). The objective

is to get a measure of creativity represented by the performance on these questions and

explore correlation with the performance on the puzzle task.

3.3 Results

Figure 3.5 compares the performance of the subjects between the two treatments.

As seen in panel (a), subjects perform better on average when they are incentivized with

a piece rate compared to competition. The panel on the right shows the histogram of

the individual performances. The observation of competition leading to better average

performance on such kind of creative task is consistent with Erat and Gneezy 2016.

Compared to that study the current experiment design captures the complete history of

the movements of the sticks and can be used to understand the differences in behavior

that correlate with the difference in puzzle performance.
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(a) (b)

Figure 3.5: (a) Comparison of the performance obtained in the two treatments (p= 0.02
with Welch’s t-test) and the power (1−β)= 0.652. The error bars represent one standard
deviation on the mean on each side. (b) Histogram depicting the performance of the
participants.

In order to identify potential behavior patterns that are correlated to the difference

in performance between the two treatments, we now compare the various measures

between the two treatments. Firstly, we look at the effort exerted by the subjects. The

time spent on the puzzle task is used as a proxy for this purpose. Figure 3.6 provides a

side by side comparison of the time spent between the two treatments. In the plot on the

left it can be seen that subjects spend more time working on the puzzle in case of piece

rate compared to competition. We summarize the observation as a result below.

Result 1:Participants spend less time on the task when incentivized under competition

relative to the case without competition.
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(a) (b)

Figure 3.6: (a) Plot showing the comparison of the average time spent by each group
on the puzzle task (p = 0.014 with Welch’s t-test and p = 0.029 with Wilcox- test). (b)
Histogram of time spent by participants on the puzzle task in each treatment.

Figure 3.7 shows the comparison of probability of finding the best solution, i.e.,

achieve a score of 16. The subjects that had the maximum score of 16 were coded

as 1 and the other subjects were coded as 0. The figure is consistent with the earlier

result where subjects perform better with piece-rate. Thus, in this case, an improved

performance with piece-rate incentives also translates into an increase in the probability

of achieving the best solution.

The current puzzle task involves the subjects trying various configurations of the sticks

in order to search for the best one to submit at the end. We now compare the rate at

which the sticks are moved by subjects. Figure 3.8 shows a comparison of the average

stick move rate across the treatments. While the difference is not significant at the 95%

confidence level, it can be seen that when the subjects are engaged in competition, they

move the sticks at a higher rate.
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Figure 3.7: Plot comparing the probability of finding the best solution (score = 16)
across the two treatments (p = 0.045). Subject that reached the best solution was coded
as 1 and the others as 0.

(a) (b)

Figure 3.8: (a) Comparison of the average move rate of the sticks (p = 0.056). (b)
Histogram of average move rates.

Previous figures indicate that when engaged in competition, subjects spend less

time on the puzzle task and also move the sticks at a faster rate. Figure 3.9 shows

a comparison of the total stick moves across the treatments. The average number of

stick moves is similar in both cases and looking at the histogram it seems like a mean
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preserving spread across the two cases.

(a) (b)

Figure 3.9: (a) Comparison of the mean stick moves per subject across treatments
(p = 0.863). (b) Histogram of total stick moves of each subject with treatment.

The subjects across both treatments take similar time between resets as seen in

Figure 3.10.

(a) (b)

Figure 3.10: (a) Comparison of the reset frequencies across treatments (p = 0.86). (b)
Histogram of reset frequencies with treatment.

Figure 3.11 shows the performance of the subjects according to gender across

the two treatments. In the current study the subjects were not recruited based on gender.

There were more females relative to males. The difference in mean performance across
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gender is not statistically significant suggesting that gender is not a good predictor of

performance in the current task.

(a) (b)

Figure 3.11: (a) Squares and gender for piecerate treatment (p = 0.739 with 22 males
and 48 females). (b) Squares and gender for competition treatment (p = 0.142 with 22
males and 48 females).

In figure 3.12 the plots represent the comparisons of mean squares formed by

subjects at different times leading to the puzzle submission. While the trends show

the subjects under piecerate treatment with a higher value of the mean compared to

the competition treatment, the difference turns to statistical significance at the 95%

confidence level at 600 seconds (the maximum time allowed).



81

(a) (b) (c)

Figure 3.12: Comparison of the squares formed by subjects at different times between
the start and the end of the allowed 600 seconds. (a) Upto 150 seconds (p = 0.526,
Welch’s t-test) (b) Upto 300 seconds (p = 0.251) (c) Upto 600 seconds (p = 0.02).

Tables 3.1,3.2, and 3.3 present models for the performance of the subjects on the

puzzle. In table 3.1 the effect of various metrics associated with the process of solving

and other metrics such as the RAT score and gender is explored through linear regressions.

The list of initial predictor variables was arrived at after removing some potential variables

for reducing multicollinearity effects. Treatment type and the time spent on the puzzle

task are significant predictors (p < 0.05) of puzzle performance. Consistent with earlier

plots, gender is not a significant predictor of performance. Similarly RAT score does

not seem to a be strong predictor of performance on the puzzle. Two different measures

related to the ”reset” behavior of subjects were used in these models, (i) Number of resets

and (ii) Resets per move. As mentioned earlier, the use of the reset option while working

on the puzzle can be interpreted as a change in strategy. Resets per move informs us on

the frequency of use. Model (2) of the table omits this measure.

Table 3.2 omits gender and RAT scores. The significance of the treatment effect decreases

(p < 0.1) while the significance of time spent on puzzle is unchanged (p < 0.05). Table

3.2 shows models after removing RAT score and average move rate. Model (1) includes
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interactions effects and Model (2) doesnt include interaction effects. The number of

resets done during puzzle reset now attains significance with p < 0.1. A consistent

observation across the models (barring the model with interaction effects where none of

the covariates have significant predictive power) is that treatment type and time spent

have significance in their predictive power. While the role of treatment has already been

characterized in Result 1, the effect of time spent or the effort is summarized as a result

below.

Result 2: Spending more effort (time) on the puzzle improves performance.

3.4 Discussion and Conclusion

Earlier work on the effect of competition on creativity or problem solving was not

focused on understanding the subject behavior during the solution search process (Erat

and Gneezy 2016). The current experiment design allows us to study the path undertaken

by every participant and design measures for understanding the differences in behavior.

In order to rearrange the sticks to form more squares, participants need to identify the

optimal configuration. Evaluation of the experimental data suggests that participants

engage in an exploration process where they try several configurations and gradually

arrive at the solution that they submit. The increase in score as a function of time as seen

in Figure 3.12 attests to this observation.

From figures 3.6 and 3.8, the inference is that participants in the competition

treatment spend less time on the puzzle but also move the sticks more frequently relative

to the participants in the piece rate treatment. Figure 3.9 shows that the participants in the

two treatments on average make similar number of stick moves. The overall inference is

then that the participants make suboptimal stick moves under competition. The subjects

in the piecerate treatments take more time before moving the sticks and make ”better”
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Table 3.1: OLS models for puzzle performance that include RAT score and gender
variables. Several variables related to the performance on the puzzle are devised and
included in the models.

Dependent variable:

Squares formed

(1) (2)

Treatment:Piecerate 1.301∗∗ 1.274∗∗

(0.644) (0.640)
Time spent 0.006∗∗ 0.006∗∗

(0.003) (0.003)
RAT score 0.095 0.096

(0.102) (0.102)
Gender −0.657 −0.589

(0.712) (0.695)
No. Resets −0.173 −0.124∗

(0.127) (0.074)
Resets per move 3.537

(7.463)
Avg. move rate 4.700 0.833

(12.822) (9.862)
Constant 4.663∗ 5.537∗∗∗

(2.559) (1.767)

Observations 140 140
R2 0.088 0.086
Adjusted R2 0.039 0.045
Residual Std. Error 3.653 (df = 132) 3.642 (df = 133)
F Statistic 1.809∗ (df = 7; 132) 2.085∗ (df = 6; 133)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 3.2: OLS models for puzzle performance that include RAT score and gender
variables. Several variables related to the performance on the puzzle are devised and
included in the models.

Dependent variable:

Squares formed

(1) (2)

Treatment:Piecerate 1.241∗ 1.244∗

(0.638) (0.637)
Time spent 0.006∗∗ 0.006∗∗

(0.003) (0.003)
RAT score 0.082

(0.101)
No. Resets −0.123∗ −0.108

(0.074) (0.072)
Avg. move rate 0.409 0.630

(9.839) (9.824)
Constant 5.290∗∗∗ 5.815∗∗∗

(1.741) (1.617)

Observations 140 140
R2 0.081 0.076
Adjusted R2 0.047 0.049
Residual Std. Error 3.639 (df = 134) 3.634 (df = 135)
F Statistic 2.364∗∗ (df = 5; 134) 2.794∗∗ (df = 4; 135)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 3.3: OLS models for puzzle performance that include RAT score and gender
variables. Several variables related to the performance on the puzzle are devised and
included in the models.

Dependent variable:

Squares formed

(1) (2)

Treatment:Piecerate −0.860 1.237∗

(2.253) (0.626)
Time spent 0.006 0.006∗∗

(0.004) (0.003)
No. resets 0.180 −0.106∗

(0.241) (0.060)
Treatment x Timespent 0.005

(0.005)
Treatment x No. resets −0.030

(0.122)
Timespent x No. resets −0.001

(0.0004)
Constant 5.316∗∗∗ 5.893∗∗∗

(1.661) (1.052)

Observations 140 140
R2 0.093 0.076
Adjusted R2 0.052 0.056
Residual Std. Error 3.629 (df = 133) 3.621 (df = 136)
F Statistic 2.260∗∗ (df = 6; 133) 3.751∗∗ (df = 3; 136)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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stick moves. Prior work in literature that was focused on studying the performance of

tasks by subjects under various conditions has alluded to the phenomenon of ”Choking

under pressure” being reponsible decrease in task performance (Bracha and Fershtman

2013; Ariely, Gneezy, Loewenstein, and Mazar 2009) under conditions of competition.

It is possible that this phenomenon exists in the current context.

A significant observation from the various linear regression models used to model

the performance on the puzzle is the increase in performance on a creative task with

increase in effort. Prior work on the role of effort in predicting performance on creative

task (Erat and Gneezy 2016) did not observe this effect.

Prior chapters of this dissertation were focused on designing competitions for

sourcing creative solutions. The results from this chapter might seem to question the

utility of competition in this endeavor. However, it has to be noted that the context

of current study is different since it was designed to ensure that the expected reward

for the participant is equal across conditions. The primary motivation of the work in

this chapter is to observe the behavior patterns while working on creative tasks and

how the patterns are impacted by a change in institutional structure. While we see that

competition leads to inferior outcomes there is ongoing work from other authors where

they see superior outcomes with competition (Bradler, Neckermann, and Warnke 2015).

The differentiating feature of this work is that the participants undergo a ”training” round

before they work on the main task. A next step to extend the work in this chapter can be

to investigate the role of prior exposure to this task on the performance.

This chapter, in part, is currently being prepared for submission for publication

and was co-authored by Viswanathan Krishnan and Sanjiv Erat. The dissertation author

was the primary investigator and author of this paper.



Appendix A

Proofs for Chapter 1

Proof for Lemma 1.2:

We consider contest designer’s payoff maximization problem and consider each

objective separately.

BSQ case:

Internal Contest: The contest designer’s expected payoff function is

E[ΠCD
BSQ(V )] = αθ

( (n−1)V
2(c+κEk)λβn2 +λβlog(n)

)
−V

−nκCDk
(

(n−1)V
2(c+κEk)λβn2

)2

− ρS

λ
− fc

Since E[ΠCD
BSQ(V )] is strictly concave in V , the first order condition can be used to identify

the payoff maximizing reward size. The first order condition results in
∂E[ΠCD

BSQ(V )]

∂V |V ∗ =
αθ(n−1)

2(c+κE k)λβn2 −1− (2V ∗)nκCDk
(

(n−1)
2(c+κE k)λβn2

)2
= 0. The optimal reward is then

V ∗BSQ =
(c+κEk)λβn
κCDk(n−1)2

(
αθ(n−1)−2(c+κEk)λβn2)
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Even if the budget allows for a higher reward the contest designer will set V = V ∗BSQ.

Note that the contest designer will institute a positive reward only if αθ(n−1)−2(c+

κEk)λβn2 ≥ 0. The contest designer’s expected payoff at optimality is

E[ΠCD
BSQ(V

∗
BSQ)] =

(
αθ(n−1)−2(c+κEk)λβn2)2

4κCDkn(n−1)2 +αθλβlog(n)− ρS

λ
− fc

For ease of exposition we set the invariant problem specification cost and the fixed cost

to 0. E[ΠCD
BSQ(V )] can be simplified to

E[ΠCD
BSQ(V )] =

V
4
(2λβn(c+κEk)

(
(n−1)αθ−2λβn2(c+κEk)

)
−κCDk(n−1)2V

λ2β2n3(c+κek)2

)

For VB <V ∗BSQ, it can be shown that
dE[ΠCD

BSQ(V )]

dV > 0. Therefore the reward will be set to

VB. The expected solution value from the contest is

S∗BSQ =
θ
(
αθ(n−1)−2(c+κEk)λβn2)

2nκCDk(n−1)
+θλβlog(n)

External Contest:

The contest designer’s expected profit function is E[ΠCD
BSQ(V )] = αθγ

(
(n−1)V
2ceλβn2 +

λβlog(n)
)
−V− ρS

λ
− fc =V

(
αθγ(n−1)
2ceλβn2 −1

)
+αθγλβlog(n)− ρS

λ
− fc. For αθγ(n−1)

2ceλβn2 −1>

0, the profit increases with V . Since the problem specification cost and the fixed cost

are invariant, we set them to zero for ease of exposition. The designer will then set the

reward to the maximum possible, i.e, VB. Now, similar to the internal contest the designer

will set a positive reward only for αθγ(n−1)−2ceλβn2 ≥ 0
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ASQ case:

Internal Contest:

The contest designer’s profit function is E[ΠCD
ASQ(V )] = αE [∑i{e∗i +Xi}]−V −

κCDk ∑e2
i −

ρS
λ
− fc =

αθ(n−1)V
2(c+κE k)λβn −V −nκCDk

(
(n−1)V

2(c+κE k)λβn2

)2
− ρS

λ
− fc.

Since E[ΠCD
ASQ(V )] is strictly concave in V the first order condition can be used

to identify the profit maximizing reward size. The first order condition results in
∂E[ΠCD

ASQ(V )]

∂V |V ∗ASQ
= αθ(n−1)

2(c+κE k)λβn−1−2V ∗nκCDk
(

(n−1)
2(c+κE k)λβn2

)2
= 0. The optimal reward

is

V ∗ASQ =
(c+κEk)λβn2

κCDk(n−1)2 (αθ(n−1)−2(c+κEk)λβn)

Similar to the BSQ case it can be shown that when VB <V it is optimal to set the reward to

VB. We eliminate problem specification cost and contest fixed cost for ease of exposition.

Note that the contest designer will set a positive reward only if the problem uncertainty is

below a threshold specified by αθ(n−1)−2(c+κEk)λβn≥ 0. The expected aggregate

solution quality using the optimal reward is

S∗ASQ =
θn(αθ(n−1)−2(c+κEk)λβn)

2κCDk(n−1)

The contest designer’s profit at optimality is then

E[ΠCD
ASQ(V

∗
ASQ)] =

n(αθ(n−1)−2(c+κEk)λβn)2

4κCDk(n−1)2 − ρS

λ
− fc

External Contest:

The contest designer’s expected profit function is E[ΠCD
ASQ(V )] = αθγ

(
(n−1)V
2ceλβn

)
−

V − ρS
λ
− fc =V

(
αθγ(n−1)

2ceλβn −1
)
− ρS

λ
− fc. For αθγ(n−1)

2ceλβn −1 > 0 the profit increases with

V and the designer will set reward . Since the problem specification cost and the fixed
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cost are invariant, we set them to zero for ease of exposition. The designer will then set

the reward to the maximum possible, i.e, VB. Now, similar to the internal contest the

designer will set a positive reward only for αθγ(n−1)−2ceλβn≥ 0. �

Proof for Proposition 1.1:

(a) For the internal contest, we consider each objective separately. BSQ case:
dV ∗B SQ
d(λβ) =

n(c+κek)(αθ(n−1)−4λβ(c+κek)n2)
k(n−1)2κCD

. dV ∗B SQ
d(λβ) ≥ 0 if λβ ≤ αθ(n−1)

4(c+κE k)n2 and dV ∗B SQ
d(λβ) < 0

if λβ > αθ(n−1)
4(c+κE k)n2 . ASQ case: dV ∗A SQ

d(λβ) = n2(c+κek)(αθ(n−1)−4(c+κek)λβn)
k(n−1)2κCD

. dV ∗A SQ
d(λβ) ≥ 0 if

λβ≤ αθ(n−1)
4(c+κE k)n and dV ∗A SQ

d(λβ) < 0 if λβ > αθ(n−1)
4(c+κE k)n . For the external contest, the reward is

either set to the maximum possible or nil (Lemma 1.2) and is therefore monotone.

(b) It is straightforward to check this result by a direct comparison of the rewards in ASQ

and BSQ cases for the internal contest. �

Proof for Proposition 1.2:

We compare the contest designer’s payoff in internal and external contests, and

identify the condition on γ for making internal contests more attractive over external

contests.

BSQ case: The condition for BSQ case translates to

γ > γ
∗
BSQ =

VB−V ∗BSQ +
αθ(n−1)V ∗BSQ
2βλn2(c+κE k) −

k(n−1)2V ∗2BSQκCD

4β2λ2n3(c+κk)2 +αβθλ log(n)
αθ(n−1)VB

2βλn2ce
+αβθλ log(n)

where V ∗BSQ =
(c+κE k)λβn(αθ(n−1)−2(c+κE k)λβn2)

κCDk(n−1)2 from Lemma 1.2. Taking the first deriva-

tive of γ∗BSQ w.r.t. VB yields
dγ∗BSQ
dVB

=−βλnce(4βkλ(n−1)nκCD log(n)(αθ(n−1)−2βλn2ce)+(2βcλn2+2βκekλn2+α(θ−θn)))
2

2αθk(n−1)κCD(2β2λ2n2ce log(n)+(n−1)VB)
2
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Now, when it is feasible to hold both contests with a positive reward, we have

αθ(n−1)−2λβn2ce ≥ 0 for the external contest (Lemma 1.2). Therefore
dγ∗BSQ
dVB

< 0.

ASQ case: The condition for ASQ case translates to

γ > γ
∗
ASQ =

VB−V ∗ASQ +
αθ(n−1)V ∗ASQ
2λβn(c+κE k) −nκCDk

(
(n−1)V ∗ASQ

2λβn2(c+κE k)

)
2

αθ(n−1)VB
2λβnce

where V ∗ASQ = (c+κE k)λβn2

κCDk(n−1)2 (αθ(n−1)−2(c+κEk)λβn) from Lemma 1.2. Taking the

first derivative of γ∗ASQ w.r.t. VB yields

dγ∗ASQ

dVB
=−βλn2ce (2βcλn+2βκEkλn+α(θ−θn))2

2αθk(n−1)3V 2
B κCD

< 0

�

Proof for Lemma 1.3:

Can be computed for the two cases by substituting the optimal reward into the

solution quality expression. S∗BSQ =
θ(αθ(n−1)−2(c+κE k)λβn2)

2nκCDk(n−1) + θλβlog(n) and S∗ASQ =

θn(αθ(n−1)−2(c+κE k)λβn)
2κCDk(n−1) . �

Proof for Proposition 1.3:

BSQ case:

(i)
dV ∗BSQ

dn =−λβ(c+κE k)(2cλβ(n−3)n2+2κE kλβ(n−3)n2+αθ(n−1))
k(n−1)3κCD

< 0 for n≥ 3.

(ii)
dV ∗BSQ

dk =
λβn(c(2cλβn2−αθ(n−1))−2κ2

E k2λβn2)
k2(n−1)2κCD

< 0 as 2cλβn2 < αθ(n−1) for the internal

contest (Lemma 1.2).

(iii)
dV ∗BSQ
d(λβ) = θ log(n)− θn(c+κE k)

k(n−1)κCD
. Now,

dV ∗BSQ
d(λβ) ≥ 0 if k((n− 1)κCD log(n)− nκE) ≥ nc
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and
dV ∗BSQ
d(λβ) < 0 if k((n−1)κCD log(n)−nκE)≤ nc

ASQ case:

(i)dV ∗A SQ
dk =

λβn2(c(2cλβn−αθ(n−1))−2κ2
E k2λβn)

k2(n−1)2κCD
< 0 for the internal contest (Lemma

1.2).

(ii)dS∗ASQ
d(λβ) =−θn2(c+κE k)

k(n−1)κCD
< 0. �

Proof for Lemma 1.4 and Proposition 1.4:

The symmetric equilibrium effort of the employee participants will be

e∗ = (n−1)V
2(c+κE k)λβn2 .

BSQ case: The firm’s expected profit function is

E[ΠBSQ
F (V,κE)] =

(
θ(n−1)V

2(c+κE k)λβn2 +θλβlog(n)
)
−V − (1−κE)nk

(
(n−1)V

2(c+κE k)λβn2

)2
− fc

For analytical tractability we consider sequential optimization for the decisions κE and V .

We consider two cases. In first case firm sets κE followed by the reward V . In second case

firm sets V followed by the cost sharing parameter κE . We find that the first case is not so

interesting in the κE decision as we get corner solutions. We consider the second case in

our analysis.Solving backwards starting with κE , the profit function is concave in 1
c+κE k .

Using the first order condition the optimal κE decisions can be deduced as κ
BSQ
E = 0

for λβ > (n−1)V (c+2k)
2cnθ

, κ
BSQ
E = (c+2k)(n−1)V−2cnθλβ

k((n−1)V+2nθλβ) for (n−1)V
2nθ

≤ λβ ≤ (n−1)V (c+2k)
2cnθ

and

κ
BSQ
E = 1 for λβ < (n−1)V

2nθ
. After substituting the optimal κE in the firm’s profit function,

the objective function for the firm’s reward setting decision is strictly convex in V . The

firm would not get any profit with V = 0. Since we are interested in the case where the

firm would hold the contest we set the reward arbitrarily to V which can be interpreted as

the upper limit earmarked by the firm i.e. VB.

ASQ case: The firm’s expected profit function is
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E[ΠASQ
F (V,κE)] =

(
θ(n−1)V

2(c+κE k)λβn

)
−V − (1−κE)nk

(
(n−1)V

2(c+κE k)λβn2

)2
− fc

Similar to previous case the firm sets reward first followed by κE . The optimal decisions

in this case can be deduced using similar analysis as κ
ASQ
E = (n−1)V (c+2k)−2cθλβn2

k(2θλβn2+nV−V)
for

(n−1)V
2θn2 ≤ λβ ≤ (n−1)V (c+2k)

2cθn2 , κ
ASQ
E = 1 for λβ < (n−1)V

2θn2 and λβ > (n−1)V (c+2k)
2cn2θ

. V = VB.

The participation constraint for employees then imposes λ2β2 > VB
12
√

3(c+κE k)
for both

ASQ and BSQ cases.

Proposition 4: Part(a) is straightforward to show through a direct comparison

of the expressions for κ∗BSQ and κ∗ASQ. Parts (b),(c) and (d) can also be deduced directly

through the relevant derivatives and boundary conditions. �

Proofs for Lemma 1.5 and Proposition 1.5:

Employee participants incur κe portion of the costs, the contest designer α(1−κe)

and the firm incurs (1−α)(1−κe) portion of the costs. The participant’s expected utility

from participation will be problem will now be E[ui(ei,e−i)] = P(ei +Xi = Max
j
{e j +

X j})V − ce2
i −κeke2

i . The effort level (from lemma 1) at symmetric equilibrium will be

e∗ = (n−1)V
2(c+κek)λβn2 . The condition α > n2

6
√

3(n−1)2 is enough to satisfy individual rationality

for the employee participants.

BSQ case: The contest designer’s expected payoff function will be E[ΠBSQ
CD (V )] =

α

(
θ(n−1)V

2(c+κek)λβn2 +θλβlog(n)
)
−V −α(1−κe)nk

(
(n−1)V

2(c+κek)λβn2

)2
− ρS

λ
− fc. The optimal

reward level will be V ∗ = (c+κek)λβn
α(1−κe)k(n−1)2 (αθ(n−1)−2(c+κek)λβn2). After substituting

for the reward, the firm’s expected profit function is now

E[ΠBSQ
F (κe)] = (1−α)

(
θ(αθ(n−1)−2(c+k−k(1−κe))λβn2)

2nα(1−κe)k(n−1) +θλβlog(n)
)

− (1−α)
α2(1−κe)

(αθ(n−1)−2(c+k−k(1−κe))λβn2)2

4nk(n−1)2

We impose that κe < 1 to avoid singularity in the firm’s profit function. To internal-

ize this in our model we make the assumption that λβ≥ ε+ (n−1)θ
2(c+k)n2 where ε > 0. Writing
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the profit function using x = 1−κe, it can be seen that the profit function in concave in

x. The profit maximizing kBSQ
e will then be κ

BSQ
e = 0 for (n−1)αθ

2cn2 ≥ λβ ≥ (n−1)αθ

2
√

c(c+2k)n2

and κ
BSQ
e = 1−

√
4(c+k)2λ2β2n4−α2θ2(n−1)2

2kλβn2 for (n−1)αθ

2(c+k)n2 + ε ≤ λβ ≤ (n−1)αθ

2n2
√

(k+c)2−k2
. For

λβ > (n−1)αθ

2cn2 the designer will not run the contest.

ASQ case: The contest designer’s expected profit function is E[ΠASQ
CD (V )] =

α

(
θ(n−1)V

2(c+κek)λβn

)
−V − nα(1− κe)k

(
(n−1)V

2(c+κek)λβn2

)2
− ρS

λ
− fc. The optimal reward is

V ∗ = (c+κek)λβn2

α(1−κe)k(n−1)2 [αθ(n− 1)− 2(c+κek)λβn]. Substituting the optimal reward, the

firm’s profit maximization function is

E[ΠASQ
F (κ)] = (1−α)

(
θn(αθ(n−1)−2(c+k−k(1−κe))λβn)

2α(1−κe)k(n−1)

)
−(1−α(1−κe)−κe)n

(αθ(n−1)−2(c+k−k(1−κe))λβn)2

4α2(1−κe)2k(n−1)2 . Similar to earlier case we impose

that ke < 1 and internalize this with the assumption λβ ≥ ε+ (n−1)αθ

2(c+k)n . The function

is concave in x = 1− κe. The optimal decisions are then κ
ASQ
e = 0 for (n−1)θα

2cn ≥

λβ ≥ (n−1)αθ

2n
√

(k+c)2−k2
and κ

ASQ
e = 1−

√
4(c+k)2λ2β2n2−α2θ2(n−1)2

2kλβn for (n−1)αθ

2(c+k)n + ε ≤ λβ ≤
(n−1)αθ

2n
√

(k+c)2−k2
. For λβ > (n−1)αθ

2cn the contest designer will not run the contest.

Proposition 5: Part(a) is straightforward to show through a direct comparison

of the expressions for κ∗BSQ and κ∗ASQ. Parts (b),(c) and (d) can also be deduced directly

through the relevant derivatives and boundary conditions. �

Proof for Proposition 1.6:

We consider the BSQ case first and build on the proof of Lemma 1.4. In the case

where the firm engages a contest designer, we consider the scenario where the contest

designer fixes λCD that lies in the range for the interior solution for κE ,i,e. (n−1)αθ

2(c+k)n + ε≤

λCDβ≤ (n−1)αθ

2n
√

(k+c)2−k2
. This is the region where the firm will make the employees incur the

opportunity costs. We now compare the firm’s profits using the designer’s decisions with

the case where the firm doesnt engage a contest designer and sets a default λF . We now
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compare the firm profits in the two cases and obtain conditions on λCD that would result in

higher profits compared to the other case where the firm sets a default λF . When the firm

does not engage a contest designer, we assume that it sets a reward V and uses λF in the

range (n−1)VB
2n2θβ

≤ λ≤ (n−1)VB(c+2k)
2cn2θβ

. Referring to Lemma 1.4 the firm profit in this case will

be ΠF = λFβθ log(n)−V + (λF βθ+(n−1)V )
4βλF n(c+k) + (n−1)2V 2

16β2λ2
F n3(c+k)

. We denote the profits when

the contest designer is engaged as ΠCD
F . Now the firm’s profit at optimality (from Lemma

x1.4) can be simplified to give ΠCD
F =

(1−α)nλCDβθ

(
2λCDβn2(c+k)

αθ(n−1) −
√

4β2λ2
CDn4(c+k)2

α2θ2(n−1)2
−1

)
α(n−1) +(1−

α)λCDβθ log(n). Since 2λCDβn2(c+k)
αθ(n−1) > 1, we can show using the square root inequality

√
x−
√

x−1 > 1
2
√

x that ΠCD
F > (1−α)θ2

4n(c+k) +(1−α)λβθ log(n). To get higher profits with

the contest designer the necessary requirement is ΠCD
F > ΠF . This condition will hold

if ΠCD
F > (1−α)θ2

4n(c+k) +(1−α)λβθ log(n)> ΠF . The sufficient condition is then (1−α)θ2

4n(c+k) +

(1−α)λβθ log(n) > ΠF . This translates to the requirement λCD >
ΠF− (1−α)θ2

4n(c+k)
(1−α)βθ log(n) . For

λCD to be in the range indicated at the beginning, another requirement is Max
[ (n−1)αθ

2(c+k)n +

ε,
ΠF− (1−α)θ2

4n(c+k)
(1−α)θ log(n)

]
≤ λCDβ≤ (n−1)αθ

2n
√

(k+c)2−k2
. A λCD in this range will lead to higher profits

for the firm with the contest designer.

Proof for Lemma 1.6:

BSQ case:

The profit function for the contest designer is

E
[
ΠCD

BSQ(λ)
]
= αγ

(
E
[

Max
i
{ei +Xi}

])
−V − ρS

λ
− fc = αγ

(
θ(n−1)V
2ceλβn2 +θλβlog(n)

)
−

V − ρS
λ
− fc =

1
λ

(
αθγ(n−1)V

2cβn2 −ρS

)
+αθγλβlog(n)−V − fc. It can be clearly seen that

for αθγ(n−1)V
2ceβn2 −ρS > 0 the profit function is convex in λ. The optimal λ is therefore a

corner solution. By comparing the profit values at λ and λ it can be seen that λCD
BSQ = λ if

λλ < αθγ(n−1)V−2ρSceβn2

2αθγceβ2n2 log(n) , else λCD
BSQ = λ. If αθγ(n−1)V

2ceβn2 −ρS ≤ 0 then λCD
BSQ = λ.
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ASQ case:

The contest designer’s profit function is E[ΠCD
ASQ(λ)] = αγE [∑i{e∗i +Xi}]−V −

ρS
λ
− fc =

αθγ(n−1)V
2ceλβn −V − ρS

λ
− fc =

1
λ

(
αθγ(n−1)V

2ceβn −ρS

)
−V − fc. It can be seen clearly

that for αθγ(n−1)V
2ceβn −ρS > 0, λCD

ASQ = λ. Else it is not worthwhile to hold the contest. �

Proof for Lemma 1.7 and Proposition 1.7:

BSQ case:

We use S(λ) = ρS
λ

. At a fixed reward level, the contest designer’s expected

utility function is E
[
ΠCD

BSQ(λ)
]
= α

(
E
[

Max
i
{ei +Xi}

])
−V −κCDk ∑e2

i −
ρS
λ
− fc =

α

(
θ(n−1)V

2(c+κE k)λβn2 +θλβlog(n)
)
−V −nκCDk

(
(n−1)V

2(c+κE k)λβn2

)2
− ρS

λ
− fc. Now,

dΠCD
BSQ(λ)

dλ
=(

1
λ3

)
κCDk(n−1)2V 2

2(c+κE k)2β2n3 +
(

1
λ2

)(
ρS− αθ(n−1)V

2(c+κE k)βn2

)
+αθβlog(n).

If
(

ρS− αθ(n−1)V
2(c+κE k)βn2

)
≥ 0 then the designer’s profit is an increasing function of λ and

it is optimal to set it to λ. If
(

ρS− αθ(n−1)V
2(c+κE k)βn2

)
< 0 then the first derivative can be

rewritten as
dΠCD

BSQ(λ)

dλ
=
(

1
λ2

)(
κCDk(n−1)2V 2

2(c+κE k)2λβ2n3 +ρS− αθ(n−1)V
2(c+κE k)βn2

)
+αθβlog(n). For λ <

κCDk(n−1)2V 2(
αθ(n−1)(c+κE k)nβV−2ρSβ2(c+κE k)2n3

) , the first derivative is an increasing function in λ and

the optimal specification will be λ.

ASQ case:

The expected profit function for the contest designer is

E[ΠCD
ASQ(λ)] = αE

[
∑

i
{e∗i +Xi}

]
−V −κCDk∑e2

i −
ρS

λ
− fc

=
α(n−1)V

2(c+κEk)λβn
−V −nκCDk

(
(n−1)V

2(c+κEk)λβn2

)2

− ρS

λ
− fc

=
1
λ

(
α(n−1)V

2(c+κEk)βn
−ρS

)
−V − 1

λ2

(
κCDk(n−1)2V 2

4(c+κEk)2β2n3

)
− fc
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If ρS− αθ(n−1)V
2(c+κE k)βn ≥ 0 then the designer cannot make positive profit. So there will not be a

contest. If ρS− αθ(n−1)V
2(c+κE k)βn < 0 then we can use the first order condition to further identify

the optimal value for problem specification. The first order condition w.r.t. λ results in

1
λ3

(
κCDk(n−1)2V 2

2β2(c+κE k)2n3

)
+ 1

λ2

(
ρS− αθ(n−1)V

2β(c+κE k)n

)
= 0. Since we are interested in λ> 0, it is clear

that there is a unique positive root λCD
ASQ = κCDk(n−1)2V 2

β(c+κE k)n(αθ(n−1)V−2ρS(c+κE k)βn) . Substituting

λCD
ASQ in the second order condition shows that it is a profit maximizer for the contest

designer. Another condition to satisfy the participation constraint and ensure existence

of a symmetric equilibrium for the participant’s problem is 12
√

3k2V 3(n− 1)4 > (c+

κEk)n4(αθV (n−1)−2(c+κEk)nβρS)
2.

Comparative Statics:

When ρS− αθ(n−1)V
2(c+κE k)βn < 0 and λCD

ASQ = κCDk(n−1)2V 2

β(c+κE k)n(αθ(n−1)V−2ρS(c+κE k)βn) it can be

seen clearly that
dλCD

ASQ
dk > 0. �



Appendix B

Proofs for Chapter 2

B.0.1 Analysis of Base Case

If only one agent finds the idea during the research phase then there is no incentive to

incur execution costs beyond the minimum required, i.e. c. If both the agents are

successful during the research phase, then agent 1 will select development effort eD1 to

maximize the expected utility from execution

E(UD1−tie) = V P(vD1 > vD2)− c− cDe2
D1

= V P(eD1 + ε1 > eD2 + ε2)− c− cDe2
D1

= V P(ε2− ε1 < eD1− eD2)− c− cDe2
D1

= V Φ(eD1− eD2)− c− cDe2
D1

where Φ(·) is the CDF of (ε2− ε1). Since ε1,ε2∼ N(0,σ2), (ε2− ε1)∼ N(0,2σ2).

F.O.C. w.r.t. eD1 gives

V φ(e∗D1− eD2)−2cDe∗D1 = 0 (B.1)

φ(·) denotes the PDF of Φ(·). Under the assumption of identical agents, we look for

98
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symmetric equilibria and substitute e∗D1 = e∗D2. The optimal development effort is then

given by

e∗D−tie =
V φ(0)

2cD
=

V
4σcD

√
π

(B.2)

The symmetric equilibrium satisfies the requirement to be the expected utility

maximizing effort level:

d2[E(UD1−tie)]

de2
D1

|e∗D1=e∗D2
=−2cD < 0

The optimal utility from execution when both the agents find the idea is then

E∗(UD−tie) =V Φ(0)− c− cD(e∗D1)
2 =

V
2
− c− V 2

16πcDσ2 (B.3)

Now, we need E∗(UD−tie)> 0 for the agents to exert execution effort.

This translates to

V 2−8πcDV σ
2 +16πcDσ

2c≤ 0

The inequality will be satisfied if

V ∈
[

4πcDσ
2
(

1−
√

1− c
πcDσ2

)
,4πcDσ

2
(

1+
√

1− c
πcDσ2

)]
(B.4)

Another required assumption is that

1− c
πcDσ2 ≥ 0
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c≤ πcDσ
2 (B.5)

The optimal expected utility from execution then provides incentive for exerting effort

towards exploration. For the research stage, agent 1 picks eR1 to maximize the expected

utility of participating in the contest,

E(URD1) = peR1
(
(1− peR2)(V − c)+ peR2U∗D−tie

)
− cRe2

R1 (B.6)

F.O.C. w.r.t. eR1 gives

e∗R1 =
p(1− peR2)(V − c)+ p2eR2U∗D−tie

2cR
(B.7)

Identical agents and use of symmetric strategies gives

e∗R1 = e∗R2 = e∗R =
16pπcD(V − c)σ2

8πcDσ2(4cR +V p2)+ p2V 2 (B.8)

The second order condition for e∗R to be the expected utility maximizing effort

level can be verified trivially.

B.0.2 Solution Characteristics

Probability of finding a solution

The principal will have a solution at the end of the contest if at least one of the

agents finds the good idea (i.e. θ = 1). The probability for this event can be represented

as

P(θ1 +θ2 > 0) = 1− (1− pe∗R)
2 = pe∗R(2− pe∗R)
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The reward that maximizes this probability can be obtained by taking the F.O.C. w.r.t. V

with the assumption that the second derivative is negative. The first and second derivatives

are
dP(θ1+θ2>0)

dV = 2p(1− pe∗R)
de∗R
dV

d2P(θ1+θ2>0)
dV 2 = 2p(1− pe∗R)

d2e∗R
dV 2 −2p2 de∗R

dV

Since 0 < p < 1, F.O.C. requires de∗R
dV |V ∗ = 0.

V ∗ can be deduced from the F.O.C. as

V ∗ = c+

√
c2 +8πcDσ2c+

32πcRcDσ2

p2

For V ∗ to represent an interior maximizer of P(θ1 + θ2 > 0), the necessary

conditions are eR|V ∗ < 1, and d2eR
dV 2 |V ∗ < 0. The second order condition for V ∗ to be a

maximizer is satisfied since
d2e∗R
dV 2 |V ∗ =−

8pπcDσ2(c2 p2+8πσ2cD(cp2+4cR))
(

cp2+4p2πcDσ2+
√

c2 p4+8πσ2cD(cp2+4cR)
)

(
c
(

cp2+
√

c2 p4+8πσ2cD(cp2+4cR)
)
+4πcDσ2

(
2cp2+8cR+

√
c2 p4+8πσ2cD(cp2+4cR)

))3

< 0.

Average Solution Quality (Unconditional on probability of finding a solution)

The winning idea is more developed when both the agents find the idea. If only

one agent finds the idea the execution level will be minimal due to the lack of incentive.

The expected execution level is

E(vD|e∗R) = pe∗R pe∗R
(
e∗D−tie +E [Max{ε1,ε2}]

)
=

(
16πcD(V − c)p2σ2

8πcDσ2(4cR +V p2)+ p2V 2

)2( V
4σcD

√
π
+

σ√
π

)
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Average Solution Quality (Conditional on probability of finding a solution)

E(vD|e∗R,θ1 +θ2 > 0) =
pe∗R pe∗R

(
e∗D−tie +E [Max{ε1,ε2}]

)
pe∗R pe∗R + p2e∗R(1− pe∗R)

=
pe∗R
(
e∗D−tie +E [Max{ε1,ε2}]

)
(2− pe∗R)

=
pe∗R

(2− pe∗R)

(
V

4σcD
√

π
+

σ√
π

)

F.O.C. w.r.t. V on the above expression results in the optimal V as

V ∗ =
8cDσ2 (8πcR +(1+2π)cp2)

2p2(4cDσ2− c)

(
1+

√
1+

πp2(4cDσ2− c)2(cp2 +4cR)

2cDσ2 ((1+2π)cp2 +8πcR)
2

)

It can be checked that V ∗ is the utility maximizer since
d2E(vD|e∗R,θ1+θ2>0)

dV 2 |V ∗ =− δβ

32σ3c2
D(γ+λψ)3 < 0 where,

δ = p6√
π(4σ

2cD− c)4(πp2c2(4cR + cp2)

+16πp2
σ

4c2
D(4cR + cp2)+2σ

2cD(c2 p4(1+4π
2)+32cp2

π
2 +64π

2c2
R)

β = 2σ
2cD(cp2(1+2π)+8πcR)

+
√

2cDσ2(πc2 p2(4cR + cp2)+32p2πσ4c2
D(4cR + cp2)

+4σ2cD(c2 p4(1+4π2)+64cp2π2cR +128π2c2
R
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γ = c3 p4
π+4c2 p2

πcR +16p2
πσ

4c2
D(4cR + cp2)

+2cDσ
2 (c2 p4(1+4π

2)+32cp2
π

2cR +64π
2c2

R
)

λ =
√

2cp2 +2
√

2cp2π+8
√

2πcR

ψ =
√

σ2cD(c2 p2 +4cR)+16p2πσ4c2
D(4cR + cp2)

+2σ2cD(c2 p4(1+4π2)++32cp2π2cR +64π2c2
R

B.0.3 Reward Distribution

The reward V is split into two parts, αV awarded to the agent that is successful

in the exploration stage and (1−α)V is paid to the agent that generates the highest

execution level at the end of the contest. Here α ∈ [0,1]. In case of a tie in the first stage

the reward is shared by the both the agents. The other details of the model are the same

as the base case discussed earlier.

If only one agent finds the idea during the research phase then the optimal

development effort will be the same as the minimum stipulated by the principal. We set

this minimum development effort using a fixed cost, c, that the agents need to incur upon

finding a good idea. If both the agents are successful during the research phase, then

each agent collects a reward of αV
2 . Agent 1 will then select development effort eD1 to

maximize the expected utility from execution

E(UD1−tie) = (1−α)V P(vD1 > vD2)− c− cDe2
D1

= (1−α)V P(eD1 + ε1 > eD2 + ε2)− c− cDe2
D1

= (1−α)V P(ε2− ε1 < eD1− eD2)− c− cDe2
D1

= (1−α)V Φ(eD1− eD2)− c− cDe2
D1
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where Φ(·) is the CDF of (ε2−ε1). Since ε1,ε2∼ N(0,σ2), (ε2−ε1)∼ N(0,2σ2). F.O.C.

w.r.t. eD1 gives

(1−α)V φ(e∗D1− eD2)−2cDe∗D1 = 0 (B.9)

φ(·) denotes the PDF of Φ(·). Under the assumption of identical agents, we look for

symmetric equilibria and substitute e∗D1 = e∗D2. The optimal development effort is

e∗αD−tie =
(1−α)V
4σcD

√
π

(B.10)

The second order condition for this to be a maximizer

d2[E(UD1−tie)]

de2
D1

|e∗D1=e∗D2
=−2cD < 0

The utility from execution using the optimal effort when both the agents find the

idea is

E(U∗D−tie) = (1−α)V Φ(0)− c− cD(e∗D1)
2 =

(1−α)V
2

− c− (1−α)2V 2

16πcDσ2 (B.11)

Now, we need U∗D−tie > 0 for the agents to exert execution effort.

This translates to

(1−α)2V 2−8πcD(1−α)V σ
2 +16πcDσ

2c≤ 0

The inequality will be satisfied if

V ∈
[

4πcDσ2

(1−α)

(
1−
√

1− c
πcDσ2

)
,
4πcDσ2

(1−α)

(
1+
√

1− c
πcDσ2

)]
(B.12)
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Another required assumption is that

1− c
πcDσ2 ≥ 0

c≤ πcDσ
2 (B.13)

The optimal expected utility from execution then provides incentive for exerting

effort towards exploration. For the research stage, agent 1 picks eR1 to maximize the

following expression

E(UR1) = peR1

(
(1− peR2)(V − c)+ peR2

(
αV
2

+E(U∗D−tie)

))
− cRe2

R1 (B.14)

F.O.C. w.r.t. eR1 gives

p
(
(V − c)− V

2
peR2−

peR2(1−α)2V 2

16πcDσ2

)
−2cRe∗R1 = 0 (B.15)

Identical agents and use of symmetric strategies gives

e∗αR1 = e∗αR2 = e∗αR =
16pπcDσ2(V − c)

8πcDσ2(4cR +V p2)+(1−α)2 p2V 2 (B.16)

The expected execution level from the contest is given by

E(vD|α) = pe∗αR pe∗αR
(
e∗αD−tie +E [Max{ε1,ε2}]

)
=

(
16p2πcDσ2(V − c)

8πcDσ2(4cR +V p2)+(1−α)2 p2V 2

)2(
(1−α)V
4σcD

√
π
+

σ√
π

)

Now, dE(vD|e∗R)
dα

=−dE(vD|e∗R)
d(1−α)

Under this condition, F.O.C. can be used to obtain the optimal reward distribution that
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maximizes the expected level of execution as

1−α
∗ =

(
8cDσ2

3V

)√1+
3π(4cR +V p2)

8cD p2σ2 −1

 (B.17)

The second order condition for 1−α∗ to be the expected quality maximizer is satisfied

d2E(vD|e∗R)
d(1−α)2 |(1−α∗) =−729p6

π
3
2 (V − c)2V 2(

4p2σ2cD

(√
16+ 6π(4cR+V p2)

p2σ2cD
−4
)
+3π(V p2 +4cR)

(√
16+ 6π(4cR+V p2)

p2σ2cD
−2
))

128σcD

(
p2σ2cD

(√
16+ 6π(4cR+V p2)

p2σ2cD
−4
)
−3π(V p2 +4cR)

)4

< 0

The inherent requirement is that 0≤ 1−α∗ ≤ 1. Note that 1−α∗ > 0. This implies that

α∗ < 1 There is an interior solution, i.e., 0 < α∗ < 1 if 0 < 1−α∗ < 1. The required

condition is 9p2V 2−8(3π−6)cDσ2V p2−96πcRcDσ2 > 0

If 9p2V 2−8(3π−6)cDσ2V p2−96πcRcDσ2 ≤ 0 then it can be readily seen that
dE(vD|e∗R)

dα
< 0 for α ∈ [0,1]. Therefore in this case α∗ = 0. In summary, the optimal split

in the reward can be simplified to

α
∗ =


0 i f σ2 > 3p2V 2

8(π−2)cDV p2+32πcRcD

1−
(

8cDσ2

3V

)[√
1+ 3π(4cR+V p2)

8cD p2σ2 −1
]

i f σ2 ≤ 3p2V 2

8(π−2)cDV p2+32πcRcD

B.0.4 No observability contest

Each agent needs to make 2 decisions: (i) select the amount of effort towards

exploration phase and (ii) conditional on the outcome of exploration select the execution

effort. The two agent two phase model can be analyzed by solving it in a backward
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fashion starting from the execution phase. If agent i succeeds during the exploration phase

then she selects the execution effort to maximize the expected utility from execution. The

expected utility from exerting execution effort eDi is given by

E(UDi) = (1− peR j)V + peR jV P(eDi + εi > eD j + ε j)− c− cDe2
Di (B.18)

where peR j is the probability that agent j makes the discovery in the exploration phase.

In the exploration stage, the agent selects eRi to maximize

E(URi) = peRiE(U∗Di)− cRe2
Ri

The expected utility from exerting execution effort eDi is given below

E(UDi) = (1− peR j)V + peR jV P(eDi + εi > eD j + ε j)− c− cDe2
Di (B.19)

Now,

P(eDi + εi > eD j + ε j) = P(eDi− eD j > ε2− ε1)

= G(eDi− eD j) (B.20)

where G(.) represents the c.d.f. of ε j− εi. The distribution will have a mean of 0 and a

variance of 2σ2. F.O.C. w.r.t. eDi

peR jV g(eDi− eD j)−2cDeDi = 0 (B.21)

g(.) is the p.d.f. of G(.). Under the assumption of identical agents and normally dis-

tributed ε i.e. ε∼ N(0,σ2), we substitute e∗Di = e∗D j to obtain the symmetric equilibrium
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execution effort as

e∗Di =
V g(0)peR j

2cD
=

V peR j

4σcD
√

π
(B.22)

The optimal expected payoff from execution can be simplified to

E(U∗Di) =
(

1−
peR j

2

)
V − c−

V 2 p2e2
R j

16πcDσ2 (B.23)

peR j is the probability that agent j makes the discovery in the exploration phase.

In the exploration stage, the agent selects eRi to maximize

E(URi) = peRiE(U∗Di)− cRe2
Ri

F.O.C. w.r.t. eRi gives

e∗Ri =
pE(U∗Di)

2cR
(B.24)

Invoking identical agents, the optimal exploration effort satisfies the following quadratic

equation in eR

V 2 p3e2
R +8πcDσ

2(4cR + p2V )eR−16pπcDσ
2(V − c) = 0 (B.25)

Under the constraint e∗Ri,e
∗
Di ≥ 0 and assumption that the interior solution holds, the

Sub-game Perfect Equilibrium effort levels are given by

e∗Ri =
4πcDσ2(4cR +V p2)

V 2 p3

(√
1+

V 2 p4(V − c)
πcDσ2(4cR +V p2)2 −1

)
(B.26)

e∗Di =

√
πσ(4cR +V p2)

V p2

(√
1+

V 2 p4(V − c)
πcDσ2(4cR +V p2)2 −1

)
(B.27)
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For the exploration part the optimal effort will be an interior solution if

p3V 2 ≥ 16πcDσ
2 (pV (1− p)− pc−4cR)

The expected level of execution of the winning solution is

E(vD|e∗R,e∗D) = (pe∗R)(pe∗R)(e
∗
D +Max{ε1,ε2})+2pe∗R(1− pe∗R)e

∗
D

= (pe∗R)(pe∗R)(e
∗
D +

σ√
π
)+2pe∗R(1− pe∗R)e

∗
D

B.0.5 Comparison across different contests

The question we ask is, which contest is better. The answer depends on the

objective of the innovation seeker. We look at the two objectives below. Maximizing

the Probability of finding a solution: Since the probability of finding a solution is

monotonic we first compare the expressions for the exploration effort levels across the

two contests. For the milestone reward case we have

e∗Rα =
16pπcDσ2(V − c)

8πcDσ2(4cR +V p2)+(1−α)2 p2V 2

For the milestone award with learning case

e∗Rαγ =
p
[
(V − c)− V (1−α)γ

2 − γ(1−α)2V 2

16πcDσ2

]
V p2

2 (1− γ(1−α))+ p2(1−α)2(1−γ)V 2

16πcDσ2 +2cR

For the unobserved case we have

e∗Ru =
4πcDσ2(4cR +V p2)

V 2 p3

(√
1+

V 2 p4(V − c)
πcDσ2(4cR +V p2)2 −1

)
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Now

1
e∗Ru
− 1

e∗Rα

=
V 2 p3

4πcDσ2(4cR +V p2)

(√
1+ V 2 p4(V−c)

πcDσ2(4cR+V p2)2 −1

)

− 8πcDσ2(4cR +V p2)+(1−α)2 p2V 2

16pπcDσ2(V − c)

1
e∗Ru
− 1

e∗Rα

=

V 2 p3

(√
1+ V 2 p4(V−c)

πcDσ2(4cR+V p2)2 +1

)

4πcDσ2(4cR +V p2)

(
V 2 p4(V−c)

πcDσ2(4cR+V p2)2

)

− (4cR +V p2)

2p(V − c)
− (1−α)2 pV 2

16πcDσ2(V − c)

1
e∗Ru
− 1

e∗Rα

=

(4cR +V p2)

(√
1+ V 2 p4(V−c)

πcDσ2(4cR+V p2)2 +1

)
4p(V − c)

− (4cR +V p2)

2p(V − c)
− (1−α)2 pV 2

16πcDσ2(V − c)

1
e∗Ru

− 1
e∗Rα

=

(4cR +V p2)

(√
1+ V 2 p4(V−c)

πcDσ2(4cR+V p2)2 −1

)
4p(V − c)

− (1−α)2 pV 2

16πcDσ2(V − c)

1
e∗Ru
− 1

e∗Rα

=
p2V 2

16πcDσ2(V − c)

[
e∗Ru−

(1−α)2

p

]
The following are the implications of the above result.(1) If α = 0 then e∗Ru >
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e∗Rα
.(2) e∗Rα

> e∗Ru if and only if α > 1−
√

pe∗Ru.

Maximizing the quality of the solution: With the milestone design the expected

quality of solution is given by

E(vD|e∗Rα,e
∗
αD−tie)= pe∗Rα pe∗Rα

(
e∗αD−tie +E [Max{ε1,ε2}]

)
= p2e∗2Rα

(
(1−α)V
4σcD

√
π
+

σ√
π

)
(B.28)

With the unobserved contest the expected level of execution is given by

E(vD|e∗Ru,e
∗
Du) = (pe∗Ru)(pe∗Ru)(e

∗
Du +Max{ε1,ε2})+2pe∗Ru(1− pe∗Ru)e

∗
Du

= p2e∗2Ru

(
V pe∗Ru

4σcD
√

π
+

σ√
π

)
+2pe∗Ru(1− pe∗Ru)

V pe∗Ru
4σcD

√
π

= p2e∗2Ru

(
V pe∗Ru

4σcD
√

π
+

σ√
π
+

2V (1− pe∗Ru)

4σcD
√

π

)
= p2e∗2Ru

(
V (2− pe∗Ru)

4σcD
√

π
+

σ√
π

)

E(vD|e∗Rα,e
∗
αD−tie)−E(vD|e∗Ru,e

∗
Du) = p2e∗2Rα

(
(1−α)V
4σcD

√
π
+

σ√
π

)
− p2e∗2Ru

(
V (2− pe∗Ru)

4σcD
√

π
+

σ√
π

)

4σcD
√

π

p2

(
E(vD|e∗Rα,e

∗
αD−tie)−E(vD|e∗Ru,e

∗
Du)
)
= e∗2Rα

(
V (1−α)+4cDσ

2)−
e∗2Ru
(
V (2− pe∗Ru)+4cDσ

2)
For the milestone reward scheme to result in a higher quality of solution the
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fraction α has to satisfy

e∗2Rα

(
V (1−α)+4cDσ

2)− e∗2Ru
(
V (2− pe∗Ru)+4cDσ

2)> 0

e∗Rα

e∗Ru
>

√
V (2− pe∗Ru)+4cDσ2

V (1−α)+4cDσ2 (B.29)

An equivalent expression is

e∗Rα

√
V (1−α)+4cDσ2 > e∗Ru

√
V (2− pe∗Ru)+4cDσ2



Appendix C

Details of experiment materials for

Chapter 3

The experiments were conducted at the ”Rady Incentives Lab” in the Rady School

of Management, University of California San Diego. The lab has 12 desk spaces and

can accommodate 12 subjects at a time. Each deskspace is isolated from the other

with a wooden partition and has a computer that the subjects use to participate in the

experiment. The experiment was conducted in sessions of 12 subjects each. Each session

had only one treatment that was randomly assigned, i.e., all subjects in each session were

assigned the same treatment. In all sessions, the subjects first participate in the puzzle

task and then complete a demographic questionnaire. For the puzzle task the research

assistant reads aloud the instructions for the session (Figure C.1). Each subject is given

ten minutes to complete the puzzle. After the puzzle is submitted the subjects answered

10 RAT questions. The subjects are given three minutes to answer these questions.

After completing the RAT questions, the subjects proceed to complete a demographic

questionnaire. asked a question about the puzzle rules to ensure that they understood the

task.

113
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Figure C.1: Oral instructions given to the subjects at the start of experiment. The
instructions are also made visible on the computer monitor while they are working on
the puzzle.
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Figure C.2: Consent form used for the experiments. The forms were designed on
Qualtrics. Subjects are led to the puzzle after giving consent through the click of a
hyperlink.
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Figure C.3: Page 1 of the questionnaire showing the hyperlink that directs the subjects
to the puzzle. After submitting work on their puzzle, the subjects need to answer a
demographic questionnaire.
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Figure C.4: Page 2 of the questionnaire. After submitting work on their puzzle, the
subjects need to answer a demographic questionnaire.
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Figure C.5: Page 3 of the questionnaire. After submitting work on their puzzle, the
subjects need to answer a demographic questionnaire.
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Figure C.6: Page 4 of the questionnaire. After submitting work on their puzzle, the
subjects need to answer a demographic questionnaire.
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