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ABSTRACT

Safarkhani, Salar Ph.D., Purdue University, August 2020. Game-Theoretic Model-
ing of Multi-Agent Systems: Applications in Systems Engineering and Acquisition
Processes. Major Professor: Ilias Bilionis.

The process of acquiring the large-scale complex systems is usually characterized
with cost and schedule overruns. To investigate the causes of this problem, we may
view the acquisition of a complex system in several different time scales. At finer
time scales, one may study different stages of the acquisition process from the in-
tricate details of the entire systems engineering process to communication between
design teams to how individual designers solve problems. At the largest time scale
one may consider the acquisition process as series of actions which are, request for
bids, bidding and auctioning, contracting, and finally building and deploying the sys-
tem, without resolving the fine details that occur within each step. In this work, we
study the acquisition processes in multiple scales. First, we develop a game-theoretic
model for engineering of the systems in the building and deploying stage. We model
the interactions among the systems and subsystem engineers as a principal-agent
problem. We develop a one-shot shallow systems engineering process and obtain the
optimum transfer functions that best incentivize the subsystem engineers to maxi-
mize the expected system-level utility. The core of the principal-agent model is the
quality function which maps the effort of the agent to the performance (quality) of the
system. Therefore, we build the stochastic quality function by modeling the design
process as a sequential decision-making problem. Second, we develop and evaluate a
model of the acquisition process that accounts for the strategic behavior of different
parties. We cast our model in terms of government-funded projects and assume the

following steps. First, the government publishes a request for bids. Then, private



xii

firms offer their proposals in a bidding process and the winner bidder enters in a con-
tract with the government. The contract describes the system requirements and the
corresponding monetary transfers for meeting them. The winner firm devotes effort
to deliver a system that fulfills the requirements. This can be assumed as a game that
the government plays with the bidder firms. We study how different parameters in
the acquisition procedure affect the bidders’ behaviors and therefore, the utility of the
government. Using reinforcement learning, we seek to learn the optimal policies of
involved actors in this game. In particular, we study how the requirements, contract
types such as cost-plus and incentive-based contracts, number of bidders, problem
complexity, etc., affect the acquisition procedure. Furthermore, we study the bid-
ding strategy of the private firms and how the contract types affect their strategic

behavior.



1. INTRODUCTION

The acquisition process of large-scale complex systems is usually suffered from cost
and schedule overruns. To study the causes of such problems, we may consider the
system acquisition procedure in several different time scales. First, one may focus
on the cognitive causes and investigate how a designer or any decision maker in the
design process evaluates and builds a certain part of the system. This is helpful to
recognize any pattern that certain type of individuals follow to make progress in the
design process. In a larger scale, we may study the engineering of the systems from the
management perspective. In this scale, one may investigate the effect of incentives,
team communication, and systems engineering process on the successful building and
deploying the system. Even in a larger scale, we may study the whole acquisition
process from the very first to the very last stages. For instance, an abstract model
of such a study includes, request for proposals and bids, auctioning, contracting, and
investing and deploying the systems. In this work, we study the acquisition procedure
of the systems from multiple perspectives.

First, let us focus on the engineering and management of the systems. Systems
engineering process (SEP) coordinates the efforts of many individuals to design a
complex system and it includes, requirements engineering, functional decomposition
and allocation, and sub-contracting processes. These processes are well documented
in systems engineering handbooks such as |1,2]. The success of these processes rests
on two implicit but fundamental assumptions: (a) incentive alignment, i.e., partic-
ipants are only driven by the incentive structures set up by these processes (either
requirements or value functions), and (b) information availability, i.e., information
is freely available to those who need it. The implication of these assumptions is
that participants truthfully reveal and utilize information towards the achievement of

system-level objectives. However, phenomena such as biased information passing [3]



and strategic misrepresentation [4] clearly show that these assumptions are not valid.
Instead, people exhibit strategic behavior where the information is incomplete and
dispersed. These deviations potentially contribute to cost and schedule overruns that
plague the majority of large systems engineering projects across multiple industries
such as transportation [5], power [6], defense |7], and space [8]. Currently, there is a
lack of theoretical foundations to help in understanding the effects of these deviations
on the performance (expected outcomes) of SEP. Traditional systems engineering
approaches are based on the principles of hierarchical decomposition, with the fol-
lowing assumptions (a): the system-level objective can be achieved by decomposing
the higher-level requirements into sub-system and component-level requirements, and
(b): subsystems designed to perform these lower-level requirements can be composed
into higher-level systems. Requirements are used for coordination of activities both
within an organization and for external contracting. However, Collopy 9] has shown
that using the requirements within the SEP creates design trade conflicts among dif-
ferent subsystems, resulting in dead losses within the system, and an inferior outcome.
To address the limitations of requirements-driven design, Collopy et al. [10] propose
value-driven design (VDD) as a better alternative. VDD is a systems design approach
that starts with the identification of a system-level value function and guides the sys-
tems engineer (SE) to construct subsystem value functions that are aligned with the
system goals. Therefore, each subsystem objective results in a self-contained design
problem that can be assigned to a team and achieved independently. According to
VDD, the subsystem engineers (sSE) and contractors should maximize the objective
functions passed down by the SE instead of trying to meet requirements. By guid-
ing the subsystem and component designers, as opposed to hard requirements, VDD
promises reduced cost growth and performance erosion. One of the challenges in
the application of VDD within systems engineering is the identification of individual
objective functions from the system-level objective function. Collopy [11] shows an
approach to deriving component-level objectives from system-level objectives based

on the assumption of linearity. The implicit assumption in this approach is that



individual teams would faithfully follow the objective functions assigned to them.
However, this would only be true if the personal value functions of the individual
stakeholders are aligned with the objectives assigned to them. Identification of the
lower-level objective functions is significantly challenging when there is misalignment
between the objective functions derived from the system-level and the stakeholders’
actual objectives. Therefore, VDD make the latent assumption that the goals of the
human agents involved in the SEP are aligned with the SE goals. However, this as-
sumption ignores the possibility that the design agents, like all humans, may have
personal agendas that not necessarily aligned with the system-level goals. The prob-
lem is further complicated because of information asymmetry. The SE does not have
complete information about the capabilities and costs of the agents. This information
is usually privately held by the sSE’s who may behave strategically to maximize their
objectives based on their private information. An example of such strategic behavior
in systems engineering is strategic misrepresentation, which consists of purposeful
low-balling of initial cost estimates to increase the likelihood of project approval [4].
Contrary to RE and VDD, it is more plausible that the design agents seek to maximize
a personal expected utility. Indeed, there is experimental evidence that the quality
of the outcome of a design task is strongly affected by the reward and effort cost
anticipated by the agent [12]. In other words, the agent decides how much effort and
resources to devote to a design task after taking into account the potential reward and
personal dis-utilities. In the field, the reward could be explicitly implemented as an
annual performance-based bonus, or, as it is the case most often, it could be implicitly

encoded in expectations about job security, promotion, professional reputation, etc.

1.1 Game-theoretic Modeling of the Systems Engineering Process

Game theory is the field of mathematical modeling of strategic behavior among
some logical decision-makers. Therefore, to capture the human aspect in SEP, one

may follow a game-theoretic approach [13,]14]. Most generally, the SEP should be



modeled as a dynamical hierarchical network game with incomplete information. Each
layer of the hierarchy represents interactions among the SE and some sSEs, or the
sSEs and other engineers or contractors. We will model the interactions in this
hierarchy as a principal-agent problem. With the term “principal”, we refer to any
individual delegating a task, while we reserve the term “agent” for the individual
carrying out the task. Note that an agent may simultaneously be the principal in a set
of interactions down the network. For example, the sSE is the agent when considering
their interaction with the SE (the principal), but the principal when considering their

interaction with a contractor (the agent). In Fig. [1.1| we show such a representation

Fig. 1.1. The schematic representation of hierarchical systems engineering
process using plate notation. P; is the parent of node 7 and C; denotes
the children of the node 1. 72" is the incentives and resources that flow
down from a principal (in this case i) to it’s agents (in this case j) at time
step t,. Q;;L is the quality of the outcome of the effort of the agent (in
this case 7) that is delivered to the principal (in this case i), at time step
t,. S,_1 is the state at iteration n — 1 where the information flows down
to the iteration n. Similarly, the information from state S, passes to the
next iterations.



of the systems engineering hierarchy. Each node represents a systems or subsystem
engineer in this hierarchy. Each layer of the hierarchy captures the interactions of a
principal, e.g., the manager, the SE, or a sSE, with several agents, e.g., the SE, sSE’s,
component engineers, or contractors. The input and output of each time step such
as t,, are the information from states S,,_1 and §,,, respectively. Let us consider the
node 7 in this hierarchy. We show the parent and children of the node i by P; and C;,
respectively. At each iteration, the game proceeds as follows. The principals delegate
tasks to the agents alongside incentives which are performance-based contracts (7;2)
The agents devote a certain amount of effort by maximizing their expected utility
and deliver their task outcome back to the principal with a certain quality (Q;;). The
principals may not be able to monitor the effort of the agents which causes moral
hazard [15]. Moreover, the principal may not have complete information about the
task-difficulty or problem-solving skills of the agents. The goal of the agents, is to
maximize their expected utility given the incentives provided by the principal, and
the principal selects the incentive structure that maximizes the expected utility of
the system. Some practical examples of using expected utility in the decision making
can be found in [16,17]. In the economics literature, this is known as the mechanism
design problem [18].

The problems of designing incentive structures under incomplete information are
at the heart of the mechanism design theory [19]. Research on mechanism design,
grounded in game theory, has resulted in the vast literature on auctions [20], contests
[21], and contracts [22]. The theory of mechanism design initiated within economics,
but has received significant recent attention in other fields such as computer science
[23]. Agency theory [24], in particular, addresses this issue of incentive design as it
pertains to systems engineering. It addresses the situation where there is a conflict
between the desires of the principal and the agent, and it is impractical for the
principal to observe the actions and the cost structure of the agents. Assuming that
the involved engineers in different levels of systems engineering hierarchy are self-

interested individuals, the SEP can be modeled as a principal-agent problem where



the systems engineer is the principal and the subsystem engineer is the agent. In
this work we demonstrate how the generalized principal-agent model can be adapted
to model the situation of a SE delegating work to sSE’s as a one-shot game. The
SEP is “one-shot” in the sense that decisions are made in one iteration and they are
final. We derive the incentive-based contracts that the principal must offer to the
agents in order to maximize the system utility. We assume that the systems engineer
maximizes the expected utility of the system, while the subsystem engineers seek
to maximize their expected utilities. Furthermore, the systems engineer is unable to
monitor the effort of the subsystem engineers and may not have complete information
about their types or the complexity of the design task. However, the systems engineer
can incentivize the subsystem engineers by proposing specific contracts. To obtain
an optimal incentive, we pose and solve numerically a bi-level optimization problem.

One key component of such a principal-agent model, is the quality function that
accounts for the principal’s beliefs about the task outcome. We define the quality
function as the stochastic map between an agent’s effort and the quality of the product
they deliver. We will study how the principal’s belief about the task-difficulty and
problem-solving skills of the agents can induce a mathematical model for the quality
function. To this end, we build a stochastic model of the assigned task, and then we

develop a reduced order representation to use in a game-theoretic model.

1.2 Game-theoretic Modeling of the System Acquisition Process

In an other prospective, we model the whole acquisition process of the large com-
plex systems. We develop and evaluate a model of the acquisition process that ac-
counts for the strategic behavior of different parties. Specifically, we cast our model
in terms of government-funded projects and assume the following steps. First, the
government publishes a request for bids. Then, private firms offer their proposals in a
bidding process and the winner bidder enters in a contract with the government. The

contract describes the system requirements and the corresponding monetary trans-



fers for meeting them. The winner company devotes effort to deliver a system that
fulfills the requirements. This can be assumed as a game that the government plays
with the bidder companies. The objective is to study how different parameters in
the acquisition procedure affect the agents’ behaviors and therefore the quality and
cost of the deliverable system. Using reinforcement learning [25], we seek to learn
the optimal policies of involved actors in this game. We model each party as a re-
inforcement learning agent that participates in the acquisition process. The goal of
these agents is to learn the optimal actions in each step that maximize their expected
return. These reinforcement learning agents play the acquisition process game and
they learn how to bid, and how much effort to devote on building and deploying
the systems. Therefore, we discover how the requirements, contract types such as
cost-plus and incentive-based contracts, number of bidders, problem complexity, etc.,
affect the system acquisition process. This analysis can potentially inform the govern-
ment about the possibility of cost overruns later in the process of building a complex
system. Furthermore, we study the bidding strategy of the private firms and how the
contact types affect their optimal behavior.

The outline of the dissertation is as follows. In chapter [2, we develop the quality
function to understand the effect of task-difficulty and problem solving skills on the
design performance of the agents. In chapter [3] we develop a principal-agent model
of the one-shot shallow SEP and we derive the incentive-based contracts under in-
complete information. In chapter [ we use deep reinforcement learning to model the
acquisition process game. We investigate the optimal policy of the bidder companies

under different scenarios.



2. QUALITY FUNCTION
2.1 Introduction

Systems engineering processes (SEP) require the coordination of a large number of
individuals, e.g., managers, systems engineers (SE), subsystem engineers (sSE), and
contractors, to establish the design, deployment, operation, and retirement of complex
systems [1,[26]. Naturally, these individuals are self-interested, i.e., they have their
personal agendas which are not necessarily aligned with the system-level objectives. It
has been postulated that this discrepancy between organizational and personal goals
may be one of the leading factors behind the increasing cost overruns and delays in
modern systems engineering [27]. However, to date, there is no comprehensive SEP
theory which models the effects of human behavior.

To account for human behavior, we may model SEPs within a game-theoretic
framework [13}28-30]. In particular, a SEP can be viewed as a dynamic hierarchical
network game. Each layer of the hierarchy captures the interactions of a principal,
e.g., the manager, the SE, or a sSE, with several agents, e.g., the SE, sSEs, component
engineers, or contractors. At each iteration, the principal assigns tasks to the agents
encoded via performance-based contracts. The agents select how much effort to devote
to their tasks by maximizing their expected utility, a common assumption known as
individual rationality [18]. Deviations from individual rationality can be modeled
using elements from behavioral economics [31], e.g., by replacing maximum utility
theory with cumulative prospect theory [32]. Finally, the agents report the product
of their efforts back to the principal. Note that in this hierarchy, the agent of a layer
may be the principal of a subsequent layer. The goal of the principal is to select the
contracts that maximize the expected system-level utility. In the economics literature,

this is known as the mechanism design problem [18].



A critical component of such a principal-agent model is the quality function, de-
fined as the stochastic map between an agent’s effort and the quality of the product
they deliver. To be more precise, the quality function models the beliefs of the prin-
cipal about the effort-to-quality map, i.e., it models what the principal thinks they
can get if the agent decides to spend a given amount of effort. Note that, quality is a
system functionality measure and, therefore, it is a context-dependent variable. For
instance, the quality can be defined as the Mach number at the exit of a nuzzle, the
power of the propulsion system in satellite design, etc. For analytical convenience, the
quality function is usually taken to be a linear function of effort with some additive
Gaussian noise [33]. This simplistic assumption is not sufficient for capturing the be-
liefs about the outcome of an assigned task within the context of a SEP. Focusing on
the early design stages of a SEP, the outcome of design tasks depends predominately
on beliefs about the difficulty of the underlying problem and the problem-solving
skills of the engaged agent.

The objective of this chapter is to mathematically model the dependence of the
quality function on a principal’s beliefs about the task-difficulty and the problem-
solving skills of an agent, within the context of the early design stages of a SEP. In
other words, the objective is to demonstrate how the principal’s beliefs about task-
difficulty and the problem-solving skills of the agent induce a specific mathematical
form for the quality function. We achieve this in two steps: (1) constructing a gen-
erative stochastic model of the delegated task, and (2) developing a reduced order
representation suitable for use in an extensive game-theoretic framework. The gen-
erative model is essentially a random process labeled by effort. Each sample from
this random process is a plausible effort-to-quality map. The reduced-order model is
a mathematically convenient approximation of this random process constructed from
multiple samples of effort-to-quality maps.

The details of the generative model are as follows. The design task assigned to
an agent is modeled as a scalar function maximization problem. An agent’s effort

is measured in function evaluations used to solve this maximization problem. We
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assume that the principal encodes their beliefs about the difficulty of the problem
using a Gaussian process (GP) prior [34] over the space of possible scalar functions,
e.g., by selecting a suitable mean and covariance function. We identify two agent
types: “naive” and “skillful”, based on their problem-solving skill, i.e., how they use
the output of each function evaluation to update their belief (state-of-knowledge)
about the function being maximized. A naive agent solves the maximization problem
using random search, i.e., the agent does not use the information obtained in the
previous function evaluation. A skillful agent solves the maximization problem using
Bayesian global optimization [35-37]. That is, the naive agent does not learn from
past experience whereas the skillful agent does learn in an optimal way. We selected
these two extreme agent types because they correspond to the worst and the best
expected agent performance and, thus, they yield a lower and upper bound to the
quality function of intermediate types. The naive approach has an alternative inter-
pretation as a parallel search representative of a scenario where there is a team of
engineers, all developing different ideas concurrently, and the team gets together and
decides on the best solution at the end of the process. Note that there is extensive
literature on the differences between novices and experts, particularly in terms of
the amount of knowledge, how their domain knowledge is structured, their problem-
solving strategies, and how these differences affect the outcomes of problem-solving
and decision-making tasks [38-42]. The problem-solving skill considered here, is one
of the many important factors that play a role in an agent’s expertise. Other factors
such as the amount and the structure of the domain-specific knowledge are out of the
scope of this chapter.

To obtain a plausible realization of the effort-to-quality map, we sample a scalar
function from the GP prior and we simulate the behavior of the agent. Using extensive
sampling datasets, we constructed a reduced order model by employing the Karhunen-
Loeve theorem [43].

The outline of this chapter is as follows. In Sec. [2.2] we present our methodol-
ogy starting with the definition of the quality function. In Sec. we model a
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design task as a function maximization problem. In Sec.[2.2.2] we model the state of
knowledge of the principal about the function that the agent is maximizing and we
define the concept of task-difficulty. Sec. discusses the modeling of the problem-
solving skills of an agent. The reduced order model is presented in Sec. 2.2.4] In
Sec. we present our numerical experiments and study the effect of task-difficulty
and problem-solving skills on the quality function. We conclude in Sec. [2.4]

2.2 Methodology

Let (€2, F,P) be a probability space, where € is a sample space, F is a o-algebra
of subsets of ), and IP is a probability measure. Elements of {2 are denoted by w € €.
An w € Q) corresponds to a specific realization of everything that is random in our
models.

Consider the early design phase of a SEP and focus on an agent that resides at the
leaves of the hierarchy, i.e., of a component engineer or a subcontractor. The behavior
of these leaf agents depends only on inputs from the immediately higher level of the
hierarchy and, thus, it is a natural starting point. The behavior of agents that lie at
intermediate points of the SEP hierarchy should be defined recursively given inputs
from even higher levels and assuming that subordinate agents act optimally. Such
recursive constructions are the subject of ongoing research and will not be discussed
here. We will construct a stochastic model of the quality function of this leaf agent
based on some generic beliefs about the difficulty of the task that is assigned to them
as well as their problem-solving skills. We assume that there is only one task that is
assigned to the agent and, therefore, the agent does not need to deal with prioritizing
over multiple tasks. To this end, let £ = {0,1,2,...} be the space of possible effort
levels that the agent may choose, denoting a specific effort level by e € E. Similarly,
let © = {“naive”, “skillful”} be the set of possible agent types, denoting a specific

type by 6 € ©. For simplicity, let us measure the quality characterizing the outcome
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of a design task with a single real number, e.g., the utility /value of that design to the
principal allocating the task.

Using these definitions, the quality function can be thought as a random process
Q:ExBOxQ—R,

i.e., as a collection of Borel measurable functions {Q(e,0,)}cerpeo. Of course, not
all such random processes yield reasonable quality functions. Any explicit model we

construct should satisfy a minimum set of mathematical properties:

1. Q(e,0,-) must have increasing paths in e, i.e., for all e;,e5 € F with e; < eq,

we must have:
Q(eh 07 w) S Q(€27 07 w)v

for all # € ©, and for almost all w € €. This ensures that the more effort an
agent spends the better the quality of the product of the task. However, note
that this property of the quality function is only justified when the design task
is simple, i.e., when the agent designs a simple system component or a simple
subsystem. The property does not necessarily generalize to the system level.
To the contrary, there is empirical evidence that increased effort may lead to
increased (sub)system complexity and, as a result, to decreased (sub)system
reliability [44]. One may argue that the monotonicity of the quality function
could be retained even if (i) the effort increments are sufficiently large to allow
for proper system verification, and; (ii) the system design is required to revert
to a previous state if additional design efforts lead to decreased quality. Of
course, such a formal correction does not transfer to real systems as one cannot

verify the specifications with absolute certainty or enforce the reversion policy.

2. Q(e,0,w) must be bounded above in probability, i.e., for all € > 0, there exists
an M > 0 such that
P{w: Qe,0,w) > M} <e,
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forall e € E,0 € ©. This ensures that the outcome quality cannot grow without
bound no matter how much the effort of the agent is, e.g., because of physical

limitations in the design.

We will now construct a generative model of Q(e, 0, w) that satisfies these properties

and, furthermore, it makes explicit the dependence on task-difficulty and agent skills.

2.2.1 Modeling the design task as a scalar function maximization

Let us assume that the agent’s task is to maximize a scalar function over a set
of candidate designs. For clarity, let the set of candidate designs be X = [0,1] (the
ideas can easily be generalized to arbitrary sets.) The principal does not know exactly
what the agent’s objective function is. Nevertheless, let us assume that the principal
believes that the scalar function the agent is tasked with maximizing is a sample from
a random process A : X x 2 — R. Let us refer to A(x,w) as the attribute function.

Thus, the principal believes that the agent is solving:

max A(z,w), (2.1)

zeX

but they do not know exactly what A(z,w) is.

2.2.2 Modeling the beliefs of the principal about the attribute function

To proceed, let us assume that the principal models the attribute function A(z,w)
as a GP, i.e.,

A~ (m k), (2.2)

where m : X — R and k£ : X x X — R are the mean and the covariance function,
respectively. The choices of GP priors is motivated by their successful application to
human function learning by Griffiths et al. [35]. The beliefs of the principal about
the plausible A(x,w) are encoded in their choice of mean and covariance functions.

Of course, any particular choice is context-dependent and the principal should make
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every effort to use any available data to estimate them. However, to advance our

study, let us assume that the principal’s beliefs are reflected by the choice:
m(z) = c
k‘(l‘, $/) _ O.z exp {_ (ac;l;g/)z } ’

with signal strength o, and length-scale [. A constant mean encodes the principal’s

(2.3)

lack of knowledge about any particular trend of the attribute function. The regularity
of the covariance function determines the regularity of sampled attribute functions,
see |45]. Here, our choice of the squared exponential covariance function guarantees
that the sampled attribute functions are infinitely differentiable with respect to z.
The choice of the signal strength controls the principal’s beliefs about the possible
variations of the attribute function about its mean. Without loss of generality, we may
set ¢ = 0 and o, = 1, after a suitable affine transformation of the attribute function.
Therefore, the only remaining parameter is the length-scale [. The length-scale of the
covariance function is a measure of the task-difficulty. On one hand, decreasing the
length-scale, the fluctuations of the attribute function increase, making the task of the
agent more difficult. On the other hand, increasing the length-scales yields smoother
attribute functions thus making the underlying task easier. Of course, there are other
aspects of task-difficulty such as the number of dimensions, possible discontinuities,

discrete choices, etc. Those are not considered in this work.

2.2.3 Modeling the problem-solving skills of the agent

The agent solves the problem of Eq. by repeatedly evaluating the attribute
function at design points of their choice. Each function evaluation counts as one unit
of effort. Let X;: © x 2 — X be the random variables corresponding to the agent’s
query of the attribute function at effort level : = 1,2,..., and A; : © x Q — R be the

corresponding attributes they observe, i.e.,
Ai(0,w) = A(X;(0,w),w), (2.4)

for 8 € ©.
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The random variables X; are not necessarily independent since at effort level
i+ 1, the agent may use all observations (X1, A;), ..., (X;, A;) before they decide on
X,;11. Mathematically, this statement implies that the random variable X;;; must be
measurable with respect to the o-algebra F; generated by (X1, 4;), ..., (X, 4;) [46].
In other words, the random process X; must be adapted to the filtration {F;};cp. The
exact nature of this process depends on the beliefs of the principal about the skills of
the agent, see Secs. and for specific choices corresponding to a naive and
a skillful agent.

In any case, we are now in the position to define mathematically the quality
function Q(e, ,w). It is:

Q(e,0,w) = max A;(0,w). (2.5)

i<i<e
Note that this definition does satisfy the two requirements for the quality function
that we posed at the beginning of Sec. , namely that Q(e,0,w) is an increasing
function of e and that it is bounded above in probability. Furthermore, we are here
operating under the assumption that the agent returns the best attribute they have
found, i.e., that they are honest. Dishonest behavior, e.g., putting a design in the
back-pocket for later use, is not modeled in this work.

Note that the goal is not to build a descriptive (predictive) model of problem-
solving behavior of real designers. Rather, we are investigating the mathematical
implications that different information acquisition strategies (problem-solving skills)
have in the form of quality function. However, assuming that real designers do maxi-
mize a well-defined mathematical function, we can conclude that the quality function
corresponding to a naive/skillful agent provides a lower/upper bound to the qual-
ity that should be expected by a real person lacking any domain-specific knowledge.
While the specific quality functions are not applicable when the agents have domain-
specific knowledge, the methodology can still be used by modeling the agent’s knowl-
edge as a prior belief on the mapping between the candidate designs and the attribute
function, which can be used as an input to the GP. That scenario is not considered

here, because such a mapping depends on the specific domain under consideration. In
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all other cases, the model is only a crude approximation of real agent behavior which
may, nevertheless, be a good starting point for posing and solving the mechanism

design problem.

A naive agent

The case # = “naive” corresponds to an agent that ignores past experience and

simply chooses function evaluations at random. Mathematically,
X;(0 = “naive”) ~U (X), (2.6)

for alli =1,2,..., where U(X) is the uniform distribution over the space of feasible

designs X.

A skillful agent

The case 6 = “skillful” corresponds to an agent that learns from past experience
and queries the function trying to exploit what they have learned. The problem of how
individuals acquire new knowledge is known as human function learning. Griffiths et
al. [35] model human function learning using a GP. Here we follow their approach. In
particular, we assume that the agent’s prior knowledge about the attribute function
A(z,w) is captured by the GP prior of Eq. . In economic terms, we assume that
A(z,w) is common knowledge for the principal and the agent. It is also possible to
model the case in which the agent has private knowledge, but this is beyond the scope
of this work.

Now, let ¢ € E and assume that the agent has already selected 7 designs,
X =(X1,..., X3), (2.7)
and they have observed the corresponding ¢ attributes:

A= (Ar, .. A)). (2.8)
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We assume that the agent updates their state of knowledge about A(z,w) by using
Bayes rule to condition the prior GP of Eq. (2.2) on the observed data X;.; and Ay.;.
The result is the posterior GP:

Al X, Avg ~ (my, k) (2.9)
where the posterior mean and covariance functions are given by:
mi(z) = m(x) + k(z, Xl:i)k_l(Xlzi, X1:) (Arg — m(Xqa)) , (2.10)

and
]{]i(f,lf, SUI> = k’(:(:,x/) — ]{}(LU,Xlsz')kil(Xl;i,Xl;i)k(Xl;i,Q:/), (211>

respectively (see Ch. 2 of [34]). In these formulas, we have extended the definition

of the mean and the covariance functions so that for any X11:i1 and X 12:i2, m(X 11:i1) =

(m(X1),...,m(X})), and k (X1, X2..) is the R > matrix with (s,?)-clement
k(XL X?).

Following the experimental results in [36] and [47], we assume that a “skillful”
agent selects X1 by maximizing the expected improvement in the attribute function.
Suppose that the agent made a hypothetical query at € X and they observed the
attribute value a € R. The improvement they would have gotten over the observed

attributes A;.; is

I;(z,a) = max {O, a — max Aj} . (2.12)

1<5<i
The ezpected improvement is obtained by taking the expectation of I;(x,a) over the

agent’s beliefs about a as captured by the posterior GP of Eq. (2.9)), i.e.,
EL(x) = /]i(x,a)/\/(a|m,~(x),a§(z))da, (2.13)

where 02(x) = k;i(z, ), and N(-|u, o?) is the probability density function of a Gaussian
random variable with mean p and variance 2. It is actually possible to carry out the

integration analytically [48] yielding:

EL(x) = (mi (x) — max Aj) O (Zi(x)) + 0 (z) ¢ (Zi(x)), (2.14)

1<j<i
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where
mi (r) — maxi<jci A;
0; ()

and ¢ and ® are the probability density function (PDF) and the cumulative distri-

Y

bution function (CDF) of standard normal, respectively. Therefore, the information

acquisition strategy followed by the agent is assumed to be:
Xiy1(0 = “skillful”) = arg max EL(x). (2.15)
re

One should notice that the skillfulness and task-difficulty, are not uncorrelated, e.g.,
a very difficult task for a junior engineer with a limited level of experience may seem
an easy task for a senior engineer. Therefore, the following two interpretations are
equivalent: 1) For a given skillful agent, adjust the lengthscale of the covariance func-
tion to represent the proper task-difficulty that suits the agent’s skill; 2) For a given
task, adjust the lengthscale of the covariance function to represent the skillfulness of

the agent that suit the task. Here, we use the first interpretation.

2.2.4 Constructing a reduced order model

The quality function random process Q(e, 6, w) is not analytically available. Un-
fortunately, this makes its use in a game-theoretic context, e.g., for the study of Nash
equilibria and optimal mechanisms of SEPs, extremely difficult. To remedy the sit-
uation, we propose to use samples from Q(e,f,w) to construct a computationally
efficient reduced order model. We outline this proposal below.

Let us consider a particular type of agent, 8 € ©. According to the Karhunen-
Loeve theorem [43], if Q(e, §,w) is square integrable for all e € E, i.e., if E [Q?%(e, 0,w)] <

00, then it admits the following representation:

Q (e,0,w) = Q° (e, 0) +Z\/>\k )Er(w) o (e,6) (2.16)

where Q° (e, 0) is the mean of the random field, A, (/) and ¢y, (e; 0) are the eigenvalues
and eigenvectors of its covariance function, respectively, and the & are uncorrelated

zero mean and unit variance random variables.
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The idea is to estimate all these quantities involved in Eq. samples of
the stochastic process Q(e,#,w). This is achieved through the following algorithm:
(i) sample a plausible attribute function from the GP specifying the beliefs of the
principal (see Sec. 2.2); (ii) using the sampled attribute function as the underlying
truth, simulate the behavior of an agent attempting to maximize it (see Sec. 2.3); and
(iii) return the resulting realization of the effort vs quality function (see Eq. (5)). To
get a practical model, we truncate Eq. at M terms so that we capture at least
90% of the spectral energy of the random field. Since the effort levels are discrete,
KLE is equivalent to principal component analysis (PCA), which we carry out using
the Python package scikit-learn [49]. We approximate the probability density function

of each &, i.e., pdf (§), using Gaussian mixture model [50].

2.3 Numerical Results

We run exhaustive numerical simulations to understand the quality function de-
pendence on task-difficulty and agent skill. In all simulations, the GP prior, which
represents the principal’s state of knowledge about the attribute function (Sec. ,
has a mean function m(z) = 2 and a signal strength o, = 1. We consider four
levels of different task-difficulty as captured by the covariance length-scale choices
[ = 0.005,0.01,0.05, and 0.1, along with the two agent skill levels (naive and skill-
ful). That is, the total number of cases we simulate is 4 (complexity levels) x
2 (skill levels) = 8 (cases). For each case, we take 50,000 Monte Carlo (MC) samples
from the corresponding random field {Q(e, 6, w)}1§e§40. Using these 50, 000 samples,
we construct the reduced order model of Sec. which we proceed to compare
systematically with them.

In Figs and we depict three random quality function samples (solid colored
lines), the mean of all 50,000 sampled quality functions (solid black line), and the
95% confidence levels (gray shaded area between the black dashed and dashed-dotted

lines) for # = skillful and # = naive, respectively. The Figs. [2.1(a)], [2.1(b), and [2.1(c)|
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Fig. 2.1. Three random quality function samples (solid colored lines), the
mean of all 50,000 sampled quality functions (solid black line), and the
95% confidence levels (gray shaded area between the black dashed and
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(c) Skillful, I = 0.05

dashed-dotted lines) for 6 = skillful.

and Figs[2.2(a)| 2.2(b)| and [2.2(c)| are associated with decreasing task-difficulty since

they correspond to length-scale choices of [ = 0.005,0.01, and 0.05, respectively. We

observe the following. First, all samples across every case are increasing piecewise

constant and bounded from above functions of e. Second, the mean quality function

(Q° (e, 0)) is increasing and concave showing a clear dependence on task-difficulty and

agent skill which we study in the next paragraph. Third, the uncertainty is greater
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Fig. 2.2. Three random quality function samples (solid colored lines), the
mean of all 50,000 sampled quality functions (solid black line), and the
95% confidence levels (gray shaded area between the black dashed and
dashed-dotted lines) for 6 = naive.

for small efforts, decreases mildly as the effort level increases, albeit it seems to have
a definite non-zero lower bound. The latter is also discussed below.

Fig. depicts the mean quality function (Q° (e,6)) for all 8 cases. First note
that the upper bound to the Q° (e,6) increases with decreasing length-scale. This
phenomenon is related to the distribution of the maximum of Gaussian random fields
on compact domains . Namely, the expectation of the maximum of a Gaussian

random field on a compact domain increases as the length-scale decreases. To under-
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stand this phenomenon intuitively, take into account that the samples from GP priors
with smaller length-scales have more opportunity to wiggle around the compact do-
main and reach extreme values. Therefore, comparing the absolute values of Q° (e, 0)
across different length-scales is nonsensical. What is comparable across complexities
is the amount of effort required to exceed a certain percentage of the maximum qual-
ity, e.g., the first effort level e* = e*(¢) for which Q°(e*(€),0)/supcr Q°(e,0) > 1 —¢
to become flat for some ¢ > 0. Naturally, in Fig. we observe that the maximum
is reached later as task-difficulty is increased. However, the mean quality function
is directly comparable across agent skill levels. Comparing Fig. [2.3| (a) with (b), we
observe that naive agents require more effort to reach the same quality for the same

level of task-difficulty.

4.5 4.5

4.0
S 3.5
o

3.0

2.5

2.0

(a) Skillful (b) Naive

Fig. 2.3. The effect of task-difficulty on the mean of quality function
(Q° (e, 0)) for skillful and naive agents.

Now, we focus on the reduced order model of Sec. [2.2.4, To construct it, we
perform PCA on 80% of the MC samples. The remaining 20% of the MC samples are
used for validation. We present our results for length-scales [ = 0.01 and 0.05, which

need 5 and 3 terms in the KLE to capture the 90% of spectral energy, respectively.
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In Figs and [2.5] we show the PDFs of retained &’s for skillful and naive
agents, respectively. In all cases, the first KLE component & is almost a perfect
standard normal. However, for the higher order terms, we start observing distinct
non-Gaussian features. Also, the PDFs of the first three &;’s, for both length-scales
and skill levels, are identical. It is only after the 4-th KLE component that we start
observing differences in the PDFs.

In Fig. 2.6, we show the eigenvalues (\) and eigenfunctions (¢) of the reduced
order model for the two length-scales. As expected, the eigenvalues decay faster
for decreasing task-difficulty. However, we do not observe any significant differences
across skills. The eigenfunctions (especially at lower orders) seem almost indepen-
dent of skill, but the higher order ones do exhibit a small variation as task-difficulty
changes. We outline and interpret intuitively these findings below.

The first eigenfunction for both agent types and all levels of task-difficulty is
almost constant. That is, the first eigenfunction just adds a constant to the mean
quality function. Therefore, the first eigenfunction captures the uncertainty in the
maximum of the underlying attribute function. Furthermore, taking into account
that the PDF of &; is almost a perfect standard normal, we see that the assumption
of additive Gaussian noise is valid to first order.

The higher order eigenfunctions are non-constant. However, note that they have
a bump at small efforts, but they converge to zero as the level of effort increases. This
bump is an indication that these eigenfunctions capture uncertainties associated with
the agent’s search process. Furthermore, the higher the order of the eigenfunction,
the more effort is needed for the bump to appear. That is the high order eigenfunc-
tions capture uncertainties in later stages of the search process. Consistent with this
intuitive interpretation, notice that the eigenfunction bumps move to the left as task-
difficulty decreases. This is a reflection of the fact that in less difficult tasks, critical
discoveries occur earlier.

Finally, in Fig.[2.7] we compare the distribution of the @ (e, 8, w) at effort levels e =
20 and 40 of reduced order model with those of the 20% MC samples that we set aside.
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Fig. 2.5. The PDF of random variables &1, - - - , &3 of reduced order model
for skillful and naive agents with [ = 0.05.

The results obtained with the reduced order model match closely those obtained with
the MC samples. As expected, the reduced order model slightly underestimates the
variance. In Fig. [2.8] we show the Q" (e, ) and 95% lower and upper confidence levels
of @ (e,0,w) alongside some sample functions with the reduced order random model,
with [ = 0.01 and 0.05. Our results match with those from MC samples shown in
Figs and albeit information about the “high frequency” behavior of the agent

has been coarse-grained.
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Fig. 2.6. The eigenvalues (A) and eigenfunction (¢) of the reduced order
model that capture more than 90% of spectral energy of the random field
for skillful and naive agents with [ = 0.01 and 0.05. Note, only first 3
eigenfunctions out of 5 are shown for [ = 0.01.

2.4 Conclusions

In this chapter, we modeled the quality function of a leaf agent in the early
design stages of the SEP hierarchy as a stochastic process. Our approach relies
on the assumption that the design task assigned to an agent can be modeled as a
scalar maximization problem. We explicitly captured the principal’s beliefs about
the task-difficulty and problem-solving skills of an agent. We studied two types of
agents, a skillful agent who follows the Bayesian optimization algorithm in solving

the maximization problem, and a naive agent who searches randomly in the design
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Fig. 2.7. The distribution of the quality at effort levels e = 20 and 40 with
reduced order model (ROM) and Monte Carlo (MC) samples for skillful
and naive agents with [ = 0.01 and 0.05.

space to solve the maximization problem. Finally, we constructed a reduced order
model based on the KLE of the quality function that can be used in an extensive
game-theoretic model of the SEP.

We found that the common assumption that the quality function is linear with
additive Gaussian noise is insufficient. We showed that the quality function is an
increasing concave function with an almost flat portion after the early stage of the
effort. The derivative and curvature of the quality function depend on the task-
difficulty and problem-solving skills of the agent. The derivative is large at early

stages of the effort, and it becomes smaller as the effort level increases for both skillful
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Fig. 2.8. Three random quality function samples (solid colored lines), the
mean of all 10,000 sampled quality functions from reduced order random
model (solid black line), and the 95% confidence levels (gray shaded area
between the black dashed and dashed-dotted lines). The first and the
second columns correspond to 6 = skillful and 6 = naive, respectively.

and naive agents. The derivative at early stages of effort is lower for a naive agent
than that for a skillful agent. We also saw that the eigenfunctions of the reduced
order model can be interpreted in the following way. The first eigenfunction is a
constant that captures the uncertainty about the maximum possible quality value.
The higher order eigenfunctions capture the uncertainty about the search process.

We demonstrated that the statistical properties of the reduced order model match
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those of the MC samples of the full-blown stochastic process closely, albeit the fine
details are coarse-grained. Therefore, we conclude that one may use the reduced order
model in a principal-agent representation of the SEP.

There remain several open questions. First, we assumed that the agent starts
the maximization problem from scratch. Usually, a designer may already know a lot
about the attribute function and this information may or may not be available to the
principal [52]. However, we anticipate that our framework is easily adjusted to this
case. Second, we assumed that the agent has only one information source, i.e., that
there is no alternative way to gain information about the attribute. Such alterna-
tive sources of information could be simulations of varying task-difficulty or building
prototypes. Third, our account of task-difficulty is quite restrictive as we have not
covered all the possibilities such as varying design dimensions, covariance smooth-
ness, and the existence of discrete choices. Fourth, we did not discuss the quality
function associated with design tasks requiring the discovery of the Pareto efficient
frontier of multi-objective optimization problems. Fifth, we have not discussed how
the SE forms their original beliefs about the task-difficulty and the problem-solving
skills of the agents nor how they update them when presented with new data. Finally,
we have ignored the possibility of iterative communication between the SE and the
agents which, among other things, may result to the convergence of beliefs about the
attribute function and, consequently, to less uncertain quality functions. All these
open questions are the subject of ongoing modeling, experimental, and observational

research.
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3. ONE-SHOT SHALLOW SYSTEMS ENGINEERING
PROCESS

3.1 Introduction

Cost and schedule overruns plague the majority of large systems engineering
projects across multiple industry sectors including [5|, power [6], defense [7], and
space [8]. As design mistakes are more expensive to correct during the production
and operation phases, the design phase of the systems engineering process (SEP) has
the largest potential impact on cost and schedule overruns. Collopy et al. [27] argued
that requirements engineering (RE), which is a fundamental part of the design phase,
is a major source of inefficiencies in systems engineering. In response, they devel-
oped value-driven design (VDD) [53], a systems design approach that starts with the
identification of a system-level value function and guides the systems engineer (SE)
to construct subsystem value functions that are aligned with the system goals. Ac-
cording to VDD, the subsystem engineers (sSE) and contractors should maximize the
objective functions passed down by the SE instead of trying to meet requirements.
Since then, researchers have suggested various generalizations of VDD [54-60], while
applying it to many applications [61-65].

RE and VDD make the assumption that the goals of the human agents involved
in the SEP are aligned with the SE goals. In particular, RE assumes that, agents
attempt to maximize the probability of meeting the requirements, while VDD assumes
that they will maximize the objective functions supplied by the SE. However, this
assumption ignores the possibility that the design agents, as all humans, may have
personal agendas that not necessarily aligned with the system-level goals.

Contrary to RE and VDD, it is more plausible that the design agents seek to max-

imize their own objectives. Indeed, there is experimental evidence that the quality
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of the outcome of a design task is strongly affected by the reward anticipated by the
agent [12|66,67]. In other words, the agent decides how much effort and resources to
devote to a design task after taking into account the potential reward. In the field,
the reward could be explicitly implemented as an annual performance-based bonus,
or, as it is the case most often, it could be implicitly encoded in expectations about
job security, promotion, professional reputation, etc. To capture the human aspect
in SEPs, one possible way is to follow a game-theoretic approach [13], [14]. Most
generally, the SEP can be modeled as a dynamical hierarchical network game with
incomplete information. Each layer of the hierarchy represents interactions among
the SE and some sSEs, or the sSEs and other engineers or contractors. With the term
“principal,” we refer to any individual delegating a task, while we reserve the term
“agent” for the individual carrying out the task. Note that an agent may simultane-
ously be the principal in a set of interactions down the network. For example, the
sSE is the agent when considering their interaction with the SE (the principal), but
the principal when considering their interaction with a contractor (the agent). At
each time step, the principals pass down delegated tasks along with incentives, the
agents choose the effort levels that maximize their expected utility, perform the task,
and return the outcome to the principals.

The iterative and hierarchical nature of real SEPs makes them extremely difficult
to model in their full generality. Given that our aim is to develop a theory of SEPs; we
start from the simplest possible version of a SEP which retains, nevertheless, some of
the important elements of the real process. Specifically, the objective of this chapter
is to develop and analyze a principal-agent model of a one-shot, shallow SEP. The
SEP is “one-shot” in the sense that decisions are made in one iteration and they are
final. The term “shallow” refers to a one-layer-deep SEP hierarchy, i.e., only the SE
(principal) and the sSEs (agents) are involved. The agents maximize their expected
utility given the incentives provided by the principal, and the principal selects the

incentive structure that maximizes the expected utility of the system. We pose this
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mechanism design problem [68] as a bi-level optimization problem and we solve it
numerically.

A key component of our SEP model is the quality function of an agent. The
quality function is a stochastic process that models the principal’s beliefs about the
outcome of the delegated design task given that the agent devotes a certain amount of
effort. The quality function is affected by what the principal believes about the task
complexity and the problem solving skills of the agent. Following our work [69], we
model the design task as a maximization problem where the agent seeks the optimal
solution. The principal expresses their prior beliefs about the task complexity by
modeling the objective function as a random draw from a Gaussian process prior
with a suitably selected covariance function.

As we showed in [69], conditioned on knowing the task complexity and the agent
type, the quality function is well approximated by an increasing, concave function of
effort with additive Gaussian noise. However, we will use a linear approximation for
the quality function.

We study numerically two different scenarios. The first scenario assumes that
the SE knows the agent types and the task complexity, but they do not observe the
agent’s effort. This situation is known in game theory as a moral hazard problem [70].
The most common way to solve a moral hazard problem is to use the first order
approach (FOA) [71]. In the FOA, the incentive compatibility constraint of the agent
is replaced by its first order necessary condition. However, the FOA depends on the
convexity of the distribution function in effort which is not valid in our case. There
have been several attempts to solve the principal-agent model where the requirements
of the FOA may fail, nonetheless they must still satisfy the monotone likelihood ratio
property [72].

In the second scenario, we study the case of moral hazard with simultaneous
adverse selection 73], i.e., the SE observes neither the effort nor the type of agents
nor the task complexity. This is a Bayesian game with incomplete information. [74].

In this case, the SE experiences additional loss in their expected utility, because the
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sSEs’ can pretend to have different types. The revelation principle |75] guarantees that
it suffices to search for the optimal mechanism within the set of incentive compatible
mechanisms, i.e., within the set of mechanisms in which the sSEs are telling the truth
about their types and technology maturity. Here, we solve the optimization problem
in the principal-agent model, numerically with making no assumptions about the
quality function.

This chapter is organized as follows. In section [3.2|we will derive the mathematical
model of the SEP and we will study the type-independent and type-dependent optimal
contracts. We will also introduce the value and utility functions. In section [3.3 we
perform an exhaustive numerical study and show the solutions for several case studies.

Finally, we conclude in section [4.4]

3.2 Modeling a One-shot, Shallow Systems Engineering Process
3.2.1 Basic definitions and notation

As mentioned in the introduction, we develop a model of a one-shot (the game
evolves in one iteration and the decisions are final), shallow (one-layer-deep hierarchy)
SEP. The SE has decomposed the system into N subsystems and assigned a sSE to
each one of them. Weusei = 1,..., N to label each subsystem. From now on, we refer
to the SE as the principal and the sSEs as the agents. The principal delegates tasks
to the agents along with incentives. The agents choose how much effort to devote
on their task by maximizing their expected utility. The principal, anticipates this
reaction and selects the incentives that maximize the system-level expected utility.

Let (€2, F,P) be a probability space where, €2 is the sample space, F is a o-algebra,
and P is the probability measure. With w € {2 we refer to the random state of nature.
We use upper case letters for random variables (r.v.), bold upper case letters for their
range, and lower case letters for their possible values. For example, the type of agent
iis a r.v. ©; taking M; discrete values 6; in the set ©; = ©;(Q) = {1,..., M;}.

Collectively, we denote all types with the N-dimensional tuple © = (©4,...,0y) and
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we reserve O_; to refer to the (IV — 1)-dimensional tuple containing all elements of ©
except ©;. This notation carries to any N-dimensional tuple. For example, § and 6_;
are the type values for all agents and all agents except ¢, respectively. The range of
0is ®@ = xN,0;.

The principal believes that the agents types vary independently, i.e., they assign
a probability mass function (p.m.f.) on © that factorizes over types as follows:

N

PO = 0] = [[Pl6: = 6] = H Di6, (3.1)

i=1
for all 6 in ©®, where p;, > 0 is the probability that agent ¢ has type k, for k in ©,.
Of course, we must have Zfﬁl pir =1, foralli=1,...,N.

Each agent knows their type, but their state of knowledge about all other agents
is the same as the principal’s. That is, if agent ¢ is of type ©; = 6;, then their state

of knowledge about everyone else is captured by the p.m.f.:

PlO_; = 0_;|0; = 6] = H — gpjgj. (3.2)

Agent i chooses a normalized effort level e; € [0,1] for his delegated task. We
assume that this normalized effort is the percentage of an agent’s maximum available
effort. The units of the normalized effort depend on the nature of the agent’s subsys-
tem. If the principal and the agent are both part of same organization then the effort
can be the time that the agent dedicates to the delegated task in a particular period
of time, e.g., in a fiscal year. On the other hand, if the agent is a contractor, then
the effort can be the percentage of the available yearly budget that the contractor
spends on the assigned task. We represent the monetary cost of the i-th agent’s effort
with the random process C; (e;). In economic terms, C; (e;) is the opportunity cost,
i.e., the payoff of the best alternative project in agent could devote their effort. In
general, we know that the process C;(e;) should be an increasing function of the effort

e;. For simplicity, we assume that the cost of effort of the agents is quadratic,

Ci(ei) = cio €], (3.3)
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with a type-dependent coefficient ¢;; > 0 for all k£ in ©,.

The quality function of the i-th agent is a real valued random Q;(e;) := Q;(e;) pro-
cess paremeterized by the effort e;. The quality function models everybody’s beliefs
about the design capabilities of agent 7. The interpretation of the quality function
is as follows. If agent i devotes to the task an effort of level e;, then they produce a
random outcome of quality Q;(e;). In our previous work [69], we created a stochastic
model for the quality function of a designer where we explicitly captured its depen-
dence on the problem-solving skills of the designer and on the task complexity. In that
work, we showed that @;(e;) has increasing and concave sample paths, that its mean
function is increasing concave, and the standard deviation is decreasing with effort,
albeit mildly, it is independent of the problem-solving skills of the designer, and it
only increases mildly with increasing task complexity. Examining the spectral decom-
position of the process for various cases, we observed that it can be well-approximated
by:

Qilei) = dio, (€:) + 0i0,Zs, (3.4)

where, for k in ©;, ¢ (e;) is an increasing, concave, type-dependent mean quality
function, o;, > 0 is a type-dependent standard deviation parameter capturing the
aleatory uncertainty of the design process, and Z; is a standard normal r.v. If we
further assume that the time window for design is relatively small, then the ¢} (e;)
term can be approximated as a linear function. Therefore, we will assume that the
quality function is:

Ql<€1> = Ki9,6; + Ui@iEh (35)

where, x is inversely proportional to the complexity of the problem. For instance,
a large k corresponds to a low-complexity task while a small x corresponds to a
high-complexity task. The standard deviation parameter o captures the inherent un-
certainty of the design process and depends on the maturity of the underlying tech-
nology. In summary, an agent’s type is characterized by the triplet cost-complexity-

uncertainty.



36

From the perspective of the principal, the r.v.’s =; are independent of the agents’
types ©; as they represent the uncertain state of nature. A stronger assumption that
we employ is that the Z;’s are also independent to each other. This assumption is
strong because it essentially means that the qualities of the various subsystems are
decoupled. Under these independence assumptions, the state of knowledge of the

principal is captured by the following probability measure:

N
PlO=0,ZcxB]=]] {pwi / ¢(5i>d@] : (3.6)
i=1 B;

for all § € © and all Borel-measurable B; C R. Assuming that all these are common
knowledge, the state of knowledge of agent i after they observe their type 6; (but
before they observe Z;) is

P[O_; =0_;,¢ € x B;|0; = 6;]

©=0,£ex;L,B;
_ W (3.7)

=P[O = 0410 = 6] T, [ f, 016048
Finally, we use E[] to denote the expectation of any quantity over the state of
knowledge of the principal as characterized by the probability measure of Eq. .
That is, the expectation of any function f(0,Z) of the agent types © and the state

of nature = is
N

= / 700 [ bl (3.8)

)
Similarly, we use the notation E,[-] to denote the conditional expectation over the

state of knowledge of an agent ¢« who knows that their type is ©; = 6;. This is the
expectation E[-|©; = 6;] with respect to the probability measure of Eq. (3.2) and we

have:

N ‘ ‘
Eik Z f 9“ 0_;, 6) Hj=1 [pﬁj (b(fJ)]

dg. (3.9)
0_co_, Dio;

3.2.2 Type-independent optimal contracts

We start by considering the case where the principal offers a single take-it-or-leave-

it contract independent of the agent type. This is the situation usually encountered in
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contractual relationships between the SE and the sSEs within the same organization.
The principal offers the contract and the agent decides whether or not to accept it. If
the agent accepts, then they select their level of effort by maximizing their expected
utility, they work on their design task, they return the outcome quality back to the
principal, and they receive their reward. We show a schematic view of this type of
contracts in Fig. . A contract is a monetary transfer function t; : R — R that
specifies the agent’s compensation t;(q;) contingent on the quality level ¢;. Therefore,

the payoff of the i-th agent is the random process:
ITi(e;) = i (Qi (e:)) — Ciles). (3.10)

We assume that the agent knows their type, but they choose the optimal effort level
ex-ante, i.e., they choose the effort level before seeing the state of the nature =;.
Denoting their monetary utility function by U;(m;) = we,(m;), the i-th agent selects
an effort level by solving:
eip, = argmax Ky, [U; (I;(e;))] - (3.11)
e;€[0,1]
Let Qf be the r.v. representing the quality function that the principal should

expect from agent ¢ if they act optimally, i.e.,
Q; = Qilei, )- (3.12)
Then the system level value is a r.v. of the form
V =0(Q"), (3.13)

where v : RY — R is a function of the subsystem outcomes Q*. We introduce the
form of the value function, v(g), in Sec. [3.3] Note that, even though in this work
the r.v. V is assumed to be just a function of (¥, in reality it may also depend
on the random state of nature, e.g., future prices, demand for the system services.

Consideration of the latter is problem-dependent and beyond the scope of this work.
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Given the system value V' and taking into account the transfers to the agents, the

system-level payoff is the r.v.
N
M=V - Q). (3.14)
i=1

If the monetary utility of the principal is ug(m), then they should select the transfer
functions ¢(-) = (t1(-),...,tnx(+)) by solving:

t* () = argmax E [ug (IIp)] . (3.15)

t()

However, guarantee that they want to participate in the SEP, the expected utility
of the sSEs must be greater than the expected utility they would enjoy if they par-
ticipated in another project. Therefore, the SE must solve Eq. (3.15) subject to the
participation constraints:

Eio, [U; (IL;)] > 9, (3.16)

for all possible values of §;, and alli = 1,..., N, where 4, is known as the reservation

utility of agent 1.

3.2.3 Type-dependent optimal contracts

By offering a single transfer function, the principal is unable to differentiate be-
tween the various agent types when adverse selection is an issue. That is, all agent
types, independently of their cost, complexity, and uncertainty attributes, are offered
exactly the same transfer function. In other words, with a single transfer function the
principal is actually targeting the average agent. This necessarily leads to inefficien-
cies stemming from problems such as paying an agent involved in a low-complexity
task more than a same cost and uncertainty agent involved in a high-complexity task.

The principal can gain in efficiency by offering different transfer functions (if
any exist) that target specific agent types. For example, the principal could offer
a transfer function that is suitable for cost-efficient, low-complexity, low-uncertainty

agents, and one for cost-inefficient agents, low-complexity, low-uncertainty, etc., for
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any other combination that is supported by the principal’s prior knowledge about the
types of the agent population. To implement this strategy the principal can employ
the following extension to the mechanism of Sec. [3.2.2] Prior to initiating work, the
agents announce their types to the principal and they receive a contract that matches
the announced type. In Fig. [3.1(b), we show how this type of contract evolves in
time. Let us formulate this idea mathematically. The i-th agent announces a type ¢;
in ©; (not necessarily the same as their true type 6;), and they receive the associated,

type-specific, transfer function tw;(-). The payoff to agent i is now:
IL;(es, 07) = tig;(Qi(es)) — Ciles), (3.17)

where all other quantities are like before. Given the announcement of a type 6., the
rational thing to do for agent i is to select a level of ef(6;,6.) by maximizing their
expected utility, i.e., by solving:
ep.g = arg maxBi, [U;(IT;(e;, 0;))]. (3.18)
‘ e;€[0,1]

Of course, the announcement of 6/ is also a matter of choice and a rational agent
should select also by maximizing their expected utility. The obvious issue here is
that agents can lie about their type. For example, a cost-efficient agent (agent with
low cost of effort) may pretend to be a cost-inefficient agent (agent with high cost of
effort). Fortunately, the revelation principle [75] comes to the rescue and simplifies
the situation. It guarantees that, among the optimal mechanisms, there is one that
is incentive compatible. Thus it will be sufficient if the principal constraints their
contracts to over truth-telling mechanisms. Mathematically, to enforce truth-telling,

the SE must satisfy the incentive compatibility constraints:
Eio, [Ui(ILi(€50,0,- 0:))] = Eio, [Ui(ILi(€f, 01, 67))]; (3.19)

for all §; # 0. in ©;. Eq. (3.19) expresses mathematically that “the expected payoff of
agent ¢ when they are telling the truth is always greater than or equal to the expected

payoft they would enjoy if they lied.”
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Fig. 3.1. (a): Timing of the contract for type-independent contracts. (b):
Timing of the contract for type-dependent contracts.

Similar to the developments of Sec. [3.2.2] the quality that the SE expects to receive

is:
Q; = Qilee,0,); (3.20)
where we use the fact that the mechanism is incentive-compatible. The payoff of the

SE becomes:

N
Mo =V - te,(Q)). (3.21)
i=1
Therefore, to select the optimal transfer functions, the SE must solve:

max E [uo(ILy)], (3.22)

t()

subject to the incentive compatibility constraints of Eq. (3.19), and the participation

constraints:

Eip, [Ui(Hi(ef@i@ia ©;))] > Uip, (3.23)

for all ; € ©;, where we also assume that the incentive compatibility constrains hold.
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3.2.4 Parameterization of the transfer functions

Transfer functions must be practically implementable. That is, they must be
easily understood by the agent when expressed in the form of a contract. To be easily
implementable, transfer functions should be easy to convey in the form of a table. To
achieve this, we restrict our attention to functions that are made out of constants,
step functions, linear functions, or combinations of these.

Despite the fact that including such functions would likely enhance the principal’s
payoff, we exclude transfer functions that encode penalties for poor agent perfor-
mance, i.e., transfer functions that can take negative values. First, contracts with
penalties may not be implementable if the principal and the agent reside within the
same organization. Second, even when the agent is an external contractor penalties
are not commonly encountered in practice. In particular, if the SE is a sensitive gov-
ernment office, e.g., the department of defense, national security may dictate that the
contractors should be protected from bankruptcy. Third, we do not expect our theory
to be empirically valid when penalties are included since, according to prospect the-
ory |76], humans perceive losses differently. They are risk-seeking when the reference
point starts at a loss and risk-averse when the reference point starts at a gain.

To overcome these issues we restrict our attention to transfer functions that include
three simple additive terms: a constant term representing a participation payment,
i.e., a payment received for accepting to be part of the project; a constant payment
that is activated when a requirement is met; and a linear increasing part activated
after meeting the requirement. The role of the latter two part is to incentivize the
agent to meet and exceed the requirements.

We now describe this parameterization mathematically. The transfer function

associated with type k in ®; of agent i is parameterized by:

ti (@) = Qik,0 + Giga H (¢ — air2) (3.24)

+airs (¢ — i) H(q — awm2) ,
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where H is the Heaviside function (H(z) = 1 if # > 0 and 0 otherwise), and all the
parameters a;o, - .., a3 are non-negative. In Eq. , a0 is the participation
reward, a;;; is the award for exceeding the passed-down requirement, a;zo is the
passed-down requirement, and a;; 3 the payoff per unit quality exceeding the passed-
down requirement. We will call these form of transfer functions the “requirement
based plus incentive” (RPI) transfer function. In case the a; 3 = 0, we call it the
“requirement based” (RB) transfer function. At this point, it is worth mentioning
that the passed-down requirement a;j o is not necessarily the same as the true system
requirement r;, see our results in Sec. [3.3] As we have shown in earlier work [14],
the optimal passed-down requirement differs from the true system requirement. For
notational convenience, we denote by a;, € R (R = {z € R: x > 0}) the transfer

parameters pertaining to agent i of type k € ©;, i.e.,

A = (aik,Oa e >az’k:,3) . (3.25)
Similarly, with a; € RiM" we denote the transfer parameters pertaining to agent ¢ for

all types, i.e.,
a; = (aﬂ,...,aiMi), (326)

N o
and with a € Riz"zl Mi all the transfer parameters collectively, i.e.,

a=(a;,...,ay). (3.27)

3.2.5 Numerical solution of the optimal contract problem

The optimal contract problem is a an intractable bi-level, non-linear programming
problem.In particular, the SE’s problem is for the case of type-dependent contracts
is to maximize the expected system-level utility over the class of implementable con-
tracts, i.e.,

mng [uo(ILy)], (3.28)

subject to
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1. contract implementability constraints:
air,; > 0, (3.29)
foralli=1,....,.Nk=1,...,M;,7=0,...,3;
2. indiwidual rationality constraints:

el = arg maxB [U; (11;(e;, 1)), (3.30)

e;€[0,1]

foralli=1,... . Nk=1,...,M;, Il =1,..., M;
3. participation constraints:
Eir[Us (I (€5, k)] 2 Ui, (3.31)
foralli=1,...,N,k=1,...,M;; and
4. incentive compatibility constraints:
Eit[Us (i (€3, k)] = Eaw[Ui (i (€5, )], (3.32)
foralli=1,...,Nand k #in {1,..., M;}.

For the case of type-independent contracts, one adds the constraint a;, = a; for all
i=1,...,Nand k #lin {1,..., M;} and the incentive compatibility constraints are
removed.

A common approach to solving bi-level programming problems is to replace the
internal optimization with the corresponding Karush-Kuhn-Tucker (KKT) condition.
This approach is used when the internal problem is concave, i.e., when it has a
unique maximum. However, in our case, concavity is not guaranteed, and we resort
to nested optimization. We implement everything in Python using the Theano [77]
symbolic computation package exploit automatic differentiation. We solve the follower
problem using sequential least squares programming (SLSQP) as implemented in the

scipy package. [78] We use simulated annealing to find the global optimum point of
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the leader problem. We first convert the constraint problem to the unconstrained
problem using the penalty method such that:

/(@) = Efuo(Mp)] + 3 min (g (a) ,0) (3.33)

i=1
where g; (+)’s are the constraints in Eqgs. (3.2943.32)). Maximizing the f(a) in Eq.
3.33, is equivalent to finding the mode of the distribution:

™y (a) ocexp (vf (a)), (3.34)

we use Sequential Monte Carlo (SMC) [79] method to sample from this distribution by
increasing vy from 0.001 to 50. To perform the SMC, we use the “pysmc” package [80].
To ensure the computational efficiency of our approach, we need to use a numerical
quadrature rule to approximate the expectation over =. We need to be able to
carry out expectations of the form of Eq. ak.a. Eq. and Eq. Since,
we have at most two possible types in our case studies, the summation over the
possible types is trivial. Focusing on expectations over =, we evaluate them using a
sparse grid quadrature rule [81]. In particular, any expectation of the form E[g(Z)]

is approximated by:
Zw (@), (3.35)

where w®) and ¢®) are the N, = 127 quadrature points of the level 6 sparse grid

quadrature constructed by the Gauss-Hermite 1D quadrature rule.

3.2.6 Value function and risk behavior

We assume two types of value functions, namely, the requirement based (RB) and
requirement based plus incentive (RPI). Mathematically, we define these two value

functions as: N
Vis == v [ [{H(Q - 1)} (3.36)
i=1
and,

VRpr := 0o H {H(QF — 1} [1+0.2(Q7 —1)], (3.37)
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respectively. In Fig. [3.2] we show these two value functions for one subsystem.

e Requirement Based Value Function

1.25 == Requirement Based Plus Incentive Value Funtion
- -=" -
1.00 r
0.75
>

0.50
0.25
0.00 J

0.0 0.5 1.0 1.5 2.0

1

(a)

Fig. 3.2. The RB value function (black solid line) and RPI value function
(green dashed line).

We consider two different risk behaviors for individuals, risk averse (RA) and risk
neutral (RN). We use the utility function in Eq. (3.38])), for the risk behavior of the
agents and principal,

a —be="() for RA

u(m() = (3.38)
7 (-), for RN,

where ¢ = 2 for a RA agent. The parameters a and b are:

1
1—e<

a=b=

We show these utility functions for the two different risk behaviors in Fig. (3.3
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Fig. 3.3. The utility functions for risk averse (RA) (black solid line), risk
neutral (RN) (green dashed line).

3.3 Numerical Examples

In this section, we start by performing an exhaustive numerical investigation of
the effects of task complexity, agent’s cost of effort, uncertainty in the quality of the
returned task, and adverse selection. In Sec. [3.3.1] we study the “moral hazard only”
scenario with the RB transfer and value functions. In Sec. [3.3.1], we study the effect
of the RPI transfer and value functions. We study the “moral hazard with adverse

selection” in Sec. [3.3.1]

3.3.1 Numerical investigation of the proposed model

In these numerical investigations we consider a single risk neutral principal and
a risk averse agent. Each case study corresponds to a choice of task complexity (k

in Eq. (3.5)), cost of effort (¢ in Eq. (3.3)), and performance uncertainty (o in Eq.
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(3.5))). With regards to task complexity, we select x = 2.5 for an easy task and k = 1.5
for a hard task. For the cost of effort parameter, we associate ¢ = 0.1 and ¢ = 0.4
with the low- and high-cost agents, respectively. Finally, low- and high-uncertainty
tasks are characterized by o = 0.1 and o = 0.4, respectively.

Note that, the parameters ko, cip,, and 0,9, have two indices. The first index ¢
is the agent’s (subsystem’s) number and the second index is the type of the agent.
We begin with a series of cases with a single agent with a known type denoted by
1 (moral-hazard-only case studies). In these cases, the parameters corresponding to
complexity, cost and uncertainty take the values ki1, ¢11, and o041, respectively. We
end with a series of cases with a single agent but with an unknown type that can take
two discrete, equally probable values 1 and 2 (moral-hazard-and-adverse-selection
case studies). Consequently, x1; denotes the effort coefficient of a type-1 agent 1, k1o
the same for a type-2 agent, and so on for all the other parameters.

To avoid numerical difficulties and singularities, we replace all Heaviside functions
with a sigmoids, i.e.,

A 1
H,(r) = T ooz’

where the parameter « controls the slope. We choose o = 50 for the transfer functions

(3.39)

and a = 100 for the value function. We consider two types of value functions, RB and
RPI value functions, see Sec. [3.2.6l For the RB value function we use the transfer
function of Eq. constrained so a;;,3 = 0 (RB transfer function). In other
words, the agent is paid a constant amount if they achieve the requirement and there
is no payment per quality exceeding the requirement. For the case of RPI value

function, we remove this constraint.

Moral hazard with RB transfer and value functions

Consider the case of a single risk-averse agent of known type and a risk-neutral
principal with an RB value function. In Fig. [3.4(a)| we show the transfer functions

for several agent types covering all possible combinations of low/high complexity,
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low /high cost, and low /high task uncertainty. Fig. depicts the probability that
the principal’s expected utility exceeds a given threshold for all these combinations.
We refer to this curve as the exceedance curve. Finally, in tables and we report
the expected utility of the principal for the low and high cost agents, respectively.

We make the following observations:

1. For the same level of task complexity and uncertainty, but with increasing cost

of effort:

(a) the optimal passed-down requirement decreases;

(b) the optimal payment for achieving the requirement increases;

(c) the principal’s expected utility decreases; and

(d) the exceedance curve shifts to the left.
Intuitively, as the agent’s cost of effort increases, the principal must make the
contract more attractive to ensure that the participation constraints are sat-

isfied. As a consequence, the probability that the principal’s expected utility

exceeds a given threshold decreases.

2. For the same level of task uncertainty and cost of effort, but with increasing

complexity:

(a) the optimal passed-down requirement decreases;

(b) the optimal payment for achieving the requirement increases;

(c) the principal’s expected utility decreases; and

(d) the exceedance curve shifts to the left.
Thus, we see that an increase in task complexity has a similar effect as an
increase in the agent’s cost of effort. As in the previous case, to make sure that

the agent wants to participate, the principal has to make the contract more

attractive as task complexity increases.
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3. For the same level of task complexity and cost of effort, but with increasing

uncertainty:

(a) the optimal passed-down requirement increases;
(b) the optimal payment for achieving the requirement increases;
(c) the principals expected utility decreases;

(d) the exceedance curve shifts towards the bottom right.

This case is the most interesting. Here as the uncertainty of the task increases,
the principal must increase the passed-down requirement to ensure that they
are hedged against failure. At the same time, however, they must also increase

the payment to ensure that the agent still has an incentive to participate.

4. For all cases considered, the optimal passed down requirement is greater than
the true requirement (which is set to one). Note, however, this is not universally
true. Our study does not examine all possible combinations of cost, quality,
and utility functions that could have been considered. Indeed, as we showed
in our previous work [14], there are situations in which a smaller-than-the-true

requirement can be optimal.

Table 3.1.
The expected utility of the principal for low cost agent with RB value
function.

Low Uncertainty | High Uncertainty

Low Complexity 0.97 0.93
High Complexity 0.92 0.79
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(a) Transfer functions using RB value function. (b) Exceedance curve.

Fig. 3.4. L and H stand for low and high, respectively, Comp. and Unc.
stand for complexity and uncertainty, respectively. The low and high
complexity denote the k17 = 2.5 and k7 = 1.5, respectively, low and high
cost denote c¢;; = 0.1 and ¢;; = 0.4, respectively, low and high uncertainty
denote 017 = 0.1 and oy; = 0.4, respectively, RA denotes the risk averse
agent. (a): The RB transfer functions for several different agent types
with respect to outcome of the subsystem (Q);) for moral hazard scenario.
(b): The exceedance for the moral hazard scenario using the RB transfer

function.
Table 3.2.
The expected utility of the principal for high cost agent with RB value
function.
Low Uncertainty | High Uncertainty
Low Complexity 0.89 0.77
High Complexity 0.72 0.45

Moral hazard with RPI transfer and value functions

This case is identical to Sec. albeit we use the RPI value function, see Sec.
3.2.6, and the RPI transfer function, see Eq. (3.24). Fig|3.5(a)} depicts the transfer

functions for all combinations of agent types and task complexities. In Fig. [3.5(b)|
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we show the exceedance curve using the RPI value and transfer functions. Finally,
in tables and [3.4] we report the expected utility of the principal using the RPI
transfer and value functions for the low and high cost agents, respectively. The results

are qualitative similar to Sec. [3.3.1 with the additional observations:

1. For the same level of task complexity, uncertainty and agent cost, the optimal
reward for achieving the requirement decreases compared to the same cases in
Sec. Intuitively, as the principal has the option to reward the agent based
on the quality exceeding the requirement, they prefer to pay less for fulfilling
the requirement. Instead, the principal incentivizes the agent to improve the

quality beyond the optimal passed-down requirement.

2. The slope of the transfer function beyond the passed-down requirement is almost

identical to the slope of the value function.

Table 3.3.
The expected utility of the principal for low cost agent with RPI value
function.

Low Uncertainty

High Uncertainty

Low Complexity 1.2 1.2
High Complexity 1.0 0.89
Table 3.4.

The expected utility of the principal for high cost agent with RPI value
function.

Low Uncertainty

High Uncertainty

Low Complexity
High Complexity

0.95
0.76

0.93
0.56
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(a) Transfer functions using RPI value function. (b) Exceedance curve.

Fig. 3.5. L and H stand for low and high, respectively, Comp. and Unc.
stand for complexity and uncertainty, respectively. The low and high
complexity denote the k17 = 2.5 and k7 = 1.5, respectively, low and high
cost denote c¢;; = 0.1 and ¢;; = 0.4, respectively, low and high uncertainty
denote 017 = 0.1 and oy; = 0.4, respectively, RA denotes the risk averse
agent. (a): The RPI transfer functions for several different agent types
with respect to outcome of the subsystem (Q);) for moral hazard scenario.
(b): The exceedance curve for the moral hazard scenario using the RPI
transfer function.

In table[3.5] we summarize our observations for the results in Sec. [3.3.1]and [3.3.1]

In this table, we show how the passed-down requirement and payment change when
we fix two parameters of the model (we denote it by “fix” in the table) and vary the

third parameter. We denote increase by 1 and decrease by J.

Table 3.5.
Summary of the observations.

complexity | agent cost | uncertainty | requirement | payment

T fix fix 4 T
fix T fix 4 0
fix fix T 0 0
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Moral hazard with adverse selection

Consider the case of a single risk-averse agent of unknown type which takes two
possible values, and a risk-neutral principal with a RB value function. We consider

two possibilities for the unknown type:

1. Unknown cost of effort. Here, we set k11 = k1o = 1.5 (p(k = k11 = 1.5) = 1),
o1 = 012 = 0.1 (p(c = o013 = 0.1) = 1), and p(c = ¢;; = 0.1) = 0.5 and
plc=c12=04)=0.5

2. Unknown task complezity. For the unknown quality we assume that p(k = k1 =
2.5) = 0.5 and p(k = K12 = 1.5) = 0.5, 011 = 012 = 0.4 (p(cd = 017 = 0.4) = 1),
and ¢ = c¢12 =04 (p(c=c¢1; =04) =1).

In this scenario, we maximize the expected utility of the principal subject to con-
straints in Eqgs. (3.2943.32). The incentive compatibility constraint, Eq. ,
guarantees that the agent will choose the contract that is suitable for their true type.
In other words, as there are two agent types’ possibilities, the principal must offer
two contracts, see Fig. |3.1(b)l These two contracts must be designed in a way that
there is no benefit for the agent to deviate from their true type, i.e., the contracts
enforce the agent to be truth telling.

Solving the constraint optimization problem yields:
aj] = ajg = (0, 029, 106),

i.e., the two contracts collapse into one. Note that the resulting contract is the same
as the pure moral hazard case, Sec. [3.3.1] for an agent with type k13 = 1.5, 071 = 0.1,
and c¢;; = 0.4. In other words, the principal must behave as if there was only a
high-cost agent. That is, there are no contacts that can differentiate between a low-
and a high-cost agent in this case.

A similar outcome occurs for unknown task complexity. The solution of the con-

straint optimization problem for this scenario is:

aj] = ajg = (0, 008, ]_]_1),
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which is the same as the optimum contract that is offered for the pure moral hazard
case, Sec. , for an agent with type k11 = 1.5, 017 = 0.4, and ¢1; = 0.4. Therefore,
in this case the principal must behave as if there the task is of high complexity.
Note that in both cases above, the collapse of the two contracts to one contract is
not a generalizable property of our model. In particular, it may not happen if more
flexible transfer functions are allowed, e.g., ones that allow performance penalties.
In Fig. [3.6] we show the transfer functions for the adverse selection scenarios with
unknown cost and unknown quality. In tables[3.6land [3.7], we show the expected utility
of two types of agents and the principal using the optimum contract for unknown cost

and unknown quality, respectively. To sum up:

1. The unknown cost:

(a) the optimum transfer function for this problem is as same as that the
principal would have offered for a single-type high-cost agent with ¢, =

c12 = 0.4 (moral hazard scenario with no adverse selection);

(b) the expected utility of the low cost agent (efficient agent) is greater than
that of the high cost agent.

In this case, the low-cost agent benefits because of information asymmetry. In
other words, the principal must pay an information rent to the low-cost agent

to reveal their type.
2. The unknown task complexity:
(a) the optimum contract in this case is the contract that the principal would
have offered for the single-type high-complexity task with k11 = k15 = 1.5;
(b) the expected utility of an agent dealing with a low-complexity task is

greater than that of an agent dealing with a high-complexity task.

Again, due to the information asymmetry, the agent benefits if the task com-
plexity is low. The principal must pay an information rent to reveal the task

complexity.
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Fig. 3.6. The transfer function for the adverse selection scenarios with
unknown cost (solid line) and unknown quality (dashed line), the agent
is risk averse. For unknown cost: k11 = k12 = 1.5 with probability 1,
o011 = o192 = 0.1 with probability 1, and ¢;; = 0.1 with probability 0.5
and c;2 = 0.4 with probability 0.5. For unknown quality: xy; = 2.5 with
probability 0.5 and 12 = 1.5 with probability 0.5, 011 = 015 = 0.4 with
probability 1, and ¢;; = ¢15 = 0.4 with probability 1.

Table 3.6.
The expected utility of the agent with unknown cost for two different
contracts.

Low Cost Agent (Type 1) 0.39 0.72
High Cost Agent (Type 2) 0 0.72

95



o6

Table 3.7.
The expected utility of the agent with unknown quality for two different
contracts.

Low Complexity (Type 1) 0.52 0.45
High Complexity (Type 2) 0 0.45

3.3.2 Satellite design

In this section we apply our method on a simplified satellite design. Typically a
satellite consists of seven different subsystems [82], namely, electrical power subsys-
tem, propulsion, attitude determination and control, on-board processing, telemetry,
tracking and command, structures and thermal subsystems. We focus our attention
on the propulsion subsystem (N = 1). To simplify the analysis, we assume that the
design of these subsystems is assigned to a sSE in a one-shot fashion. Note that,
the actual systems engineering process of the satellite design is an iterative process
and the information and results are exchanged back and forth in each iteration. Our
model is a crude approximation of reality. The goal of the SE is to optimally incen-
tivize the sSE to produce subsystem designs that meet the mission’s requirements.
Furthermore, we assume that the propulsion subsystem is decoupled from the other
subsystems, i.e., there is no interactions between them, and that the SE knows the
types of each sSE and therefore, there is no information asymmetry.

To extract the parameters of the model, i.e., ai1,011,c11, we will use available
historical data. To this end, let I; be the cumulative, sector-wide investment on the
propulsion subsystem and G; be the delivered specific impulse of solid propellants
(Isp). The specific impulse is defined as the ratio of thrust to weight flow rate of the

propellant and is a measure of energy content of the propellants [82].
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Historical data, say Dy = {(I1., Glﬂ-)}f:l, of these quantities are readily avail-
able for many technologies. Of course, cumulative investment and best performance
increase with time, ie., I;; < I1,41 and G1; < Gy,41. We model the relationship

between G; and I; as:
Gl - GI,S —|— Al ([1 - [1’3) + 2151, (340)

where Gy g and I; ¢ are the current states of these variables, Z; ~ A(0,1), and A,
and X, are parameters to be estimated from the all available data, D;. We use a
maximum likelihood estimator for A; and ;. This is equivalent to a least squares

estimate for A;:

S
Al = arg H}Xllnz [GLS -+ Al (Il,i - 1175) - GLZ‘]z s (341)

i=1

and to setting »; equal to the mean residual square error:

s
¥ = % Z [GLS + A1(-’1,¢ —Lig)— Gl,i] i . (3.42)

=1

Now, let G] be the required quality for the propulsion subsystem in physical units.
The scaled quality of a subsystem ()1, can be defined as:

G —Gys

Ql - G,{ — GLS,

(3.43)

with this definition, we get Q; = 0 for the state-of-the-art, and ¢); = 1 for the
requirement. Substituting Eq. (3.40)) in Eq. (3.43)) and using the maximum likelihood

estimates for A; and X, we obtain:

~ A

=———(L -1 . 3.44
@ GT{—G15(1 1,5) + G (3.44)

)

From this equation, we can identify the uncertainty o1y in the quality function as:
)

o 3.45
Gl — Grs (3.45)

011 =

Finally, we need to define effort. Let T} represents the time for which the propul-

sion engineer is to be hired. The cost of the agent per unit time is C;. T} is just
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the duration of the systems engineering process we consider. The value C;7} can be
read from the balance sheets of publicly traded firms related to the technology. We
can associate the effort variable e; with the additional investment required to buy

the time of one engineer:
o L —1Iis
1 ClTl )

that is, e; = 1 corresponds to the effort of one engineer for time 77. Let us assume

(3.46)

there are Z engineers work on the subsystem. Comparing this equation, Eq. (3.44)),
and Eq. (3.5]), we get that the ki, coefficient is given by:

_ ZOTA

= 3.47
Gl —Gis ( )

R11

To complete the picture, we need to talk about the value V4 (in USD) of the system
if the requirements are met. We can use this value to normalize all dollar quantities.
That is, we set:

Vg = ]_, (348)

and for the cost per square effort of the agent we set:

AV

7 (3.49)

C11 =

Finally, we use some real data to fix some of the parameters. Trends in delivered
I, (Gy (sec.)) and investments by NASA (I; (millions USD)) in chemical propulsion
technology with time are obtained from [83] and [84], respectively. The state-of-the-
art solid propellant technology corresponds to a G g value of 252 sec. and I; g value
of 149.1 million USD. The maximum likelihood fit of the parameters results in a
regression coefficient of Ay = 0.0133 sec. per million USD, and standard deviation
31 = 0.12 sec. The corresponding data and the maximum likelihood fit are illustrated
in Fig. [3.7 The value of C is the median salary (per time) of a propulsion engineer
which is approximately 120,000 USD / year, according to the data obtained from [85].
For simplicity, also assume that 77 = 1 year. Moreover, we assume that there are 200
engineers work on the subsystem, Z = 200. We will examine two case studies which

is summarized in table B.8
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Fig. 3.7.  Satellite case study (propulsion subsystem): Historical data
(1979-1988) of specific impulse of solid mono-propellants vs cumulative
investment per firm. The solid line and the shaded area correspond to the
maximum likelihood fit of a linear regression model and the corresponding
95% prediction intervals, respectively.

Table 3.8.

The model parameters for two case studies.

G Vo K1 | o1 | il
252.2 s | 50,000,000 USD | 1.6 | 0.6 | 0.5
252.25 s | 60,000,000 USD | 1.28 | 0.48 | 0.4
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Using RB value function, we depict the contracts for these two scenarios in Fig.



60

- G| =252.2,V,=50M U TEE I EEm Em o =
= G =252.25,V,=60M L
32 f 1
) I
8 I
D 24
c I
= I
= 16 ]
= |
O |
- 8 I
J I
0 _—

2520 2521 252.2 252.3 252.4 252.5
G1

(a)

Fig. 3.8. The contracts for two case studies in satellite design.

3.4 Conclusions

In this chapter, we developed a game-theoretic model for a one-shot shallow SEP.
We posed and solved the problem of identifying the contract (transfer function)
that maximizes the principal’s expected utility. Our results show that, the opti-
mum passed-down requirement is different from the real system requirement. For the
same level of task complexity and uncertainty, as the agent cost of effort increases,
the passed-down requirement decreases and the award to achieving the requirement
increases. In this way, the principal makes the contract more attractive to the high-
cost agent and ensures that the participation constraint is satisfied. Similarly, for the
same level of task uncertainty and cost of effort, increasing task complexity results
in lower passed-down requirement and larger award for achieving the requirement.
For the same level of task complexity and cost of effort, as the uncertainty increases
both the passed-down requirement and the award for achieving the requirement in-

crease. This is because the principal wants to make sure that the system requirements
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are achieved. Moreover, by increasing the task complexity, the task uncertainty, or
the cost of effort, the principal earns less and the exceedance curve is shifted to the
left. Using the RPI contracts, the principal pays smaller amount for achieving the
requirement but, instead, they pay for per quality exceeding the requirement.

For the adverse selection scenario with RB value function, we observe that when
the principal is maximally uncertain about the cost of the agent, the optimum con-
tracts are equivalent to the contract designed for the high cost agent in the single-type
case with no adverse selection. The low-cost agent earns more expected utility than
the high-cost agent. This is the information rent that the principal must pay to re-
veal the agents’ types. Similarly, if the principal is maximally uncertain about the
task complexity, the two optimum contracts for the unknown quality are equivalent
to the contract that is offered to the high-complexity task where there is no adverse
selection. Note that, the equivalence of the contracts in adverse selection scenario
with the contract that is offered in absence of adverse selection is not universal. If
the class of possible contracts is enlarged, e.g., to allow penalties, there may be a set
of two contracts that differentiate types.

There are still many remaining questions in modeling SEPs using a game-theoretic
approach. First, there is a need to study the hierarchical nature of SEPs with poten-
tially coupled subsystems. Second, true SEPs are dynamic in nature with many itera-
tions corresponding to exchange of information between the various agents. These are
the topics of ongoing research towards a theoretical foundation of systems engineering

design that accounts for human behavior.
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4. USING DEEP REINFORCEMENT LEARNING TO
MODEL THE SYSTEM ACQUISITION PROCESS

4.1 Introduction

As we discussed in previous chapters, the acquisition of large-scale complex sys-
tems, usually suffers from cost and schedule overruns [86]. To investigate the causes
of this problem, we may view the acquisition of a complex system in several differ-
ent time scales [87]. At the largest time scale one considers the acquisition process
as series of actions which are, request for bids, bidding and auctioning, contracting,
and finally building and deploying the system, without resolving the fine details that
occur within each step. At finer time scales, one may study different stages of the
acquisition process from the intricate details of the entire systems engineering pro-
cess [88,89] to communication between design teams [90] to how individual designers
solve problems [91,92]. Here, we focus on the largest time scale, i.e., at the entire
acquisition process.

Whenever the need arises for the government to acquire a large complex system,
e.g., a hospital ship or a communication system, it follows several steps to achieve its
goal. In this work, we use the procedure followed by DARPA (Defense Advanced Re-
search Projects Agency) [93] as an archetype of such a process. First, the government
publishes a request for bids which describes the type of the system that it wishes to
acquire along with certain requirements. Second, in an auction, several private firms
make offers and one or more are selected. Third, the government and the winner bid-
ders enter a contract. The contract may be conducted in several phases with certain
evaluation criteria and payments. Finally, if all the steps of design and test fulfill the

requirements, the system is delivered to the government and deployed.
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We model this procedure as a game that is played between several parties with
different interests. One actor is the government that seeks to acquire a system with
certain requirements. The other actors are the private firms that seek to generate
revenue by participating, winning and delivering a successful system. We investigate
which strategies the actors should follow to maximize their expected utilities by em-
ploying multi-agent reinforcement learning (RL) [25]. RL models each party as an
intelligent agent, the goal of which is to learn how to play the game so as to maximize
a predefined expected stream of rewards.

There are two categories of RL algorithms: value-based and policy gradient meth-
ods. In value-based methods, such as Q-learning, one attempts to estimate the op-
timal value-to-go as a function of the state-action pair and at each step the agent’s
policy function chooses the action that has the maximum value. In policy gradient
methods, the agent directly learns the policy function. The latter is better suited for
situations in which the action space is large as well as for games with mixed optimal
strategies, e.g., the rock-paper-scissors game. In large or continuous state spaces, RL
algorithms suffer from the curse of dimensionality. To overcome this difficulty, one
approximates the values or policy functions using deep neural networks, an approach
called deep reinforcement learning (DRL). Deep Q-learning [94], DRL with double
Q-learning [95], and dueling deep Q-learning [96] are some algorithms that use deep
neural networks to approximate the ) values in Q-learning. Advantage actor critic
(A2C) and asynchronous advantage actor critic (A3C) methods [97], are some policy
gradient methods that use two neural networks, actor network and critic network.
Actor is the policy that predicts the next action and critic is used to criticize the
value of the action and guides the optimization direction of the actor. Deep deter-
ministic policy gradient (DDPG) [98], is a hybrid method of Q-learning and policy
gradient that is used for continuous action space. In recent years, DRL has achieved
great success in very challenging games, e.g., it can learn to play Go better than the

best human [99].
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In a single-agent RL setting, the state of the environment changes only because
of the actions of the agent and the agent’s decision only depends on the response of
the environment. In multi-agent settings, the actions of each agent affect all other
agents’ decisions and the environment’s response is subjected to all of the actions. The
emerging behavior of the agents may be cooperative |[100] or competitive [101]. An
example of emerging multi-agent cooperation is self-driving cars in crowded situations
[102]. In contrast, bidding in an auction to acquire a certain good or service, such as
real time bidding for online advertisements [103,/104], results in emerging competitive
behavior. Moreover, the competitive multi-agent setting may be used to study the
offensive-defensive systems such as cyber-security [105]/106], to predict any malware
attacks and plan properly for a cyber-defense. Finally, multi-agent games, can further
be categorized into static games where all agents make their decisions simultaneously
and observe the result of their actions, and dynamic games where the game evolves
in time.

The government acquisition process is a multi-agent, dynamic game which can
have a mixture of competitive and cooperative behaviors. For example, it is desirable
that the bidders compete with each other during the auction, but the winner and
the government may cooperate, each for their own interest, to build a successful
system. However, in poorly designed acquisition processes, the bidders may cooperate
to increase the price and then compete with the government. As we mentioned earlier,
the acquisition process we wish to model consists of an auction and a contract phase.
There are several different possibilities for the auction ranging from one-shot first-
price and second-price auctions to auctions that also consider the quality of the system
to be delivered. For simplicity, we assume that the government awards the contract
to the lowest bidder. Similarly, we assume that the contract phase is a single-phase of
“evaluation and payment” and we study the effect of contract types such as cost-plus,
cost-plus-incentive, cost-not-covered, and cost-not-covered-incentive (a contract that
does not cover the cost but pay incentives for exceeding the requirement) on the final

outcome of the system. The quality of the deliverable system is correlated to the
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amount of effort that the firm devotes on designing and building it. One may think
of effort as the amount of investment, time, trials, etc., that needs to be assigned on
a certain task. The firm chooses this effort level by considering its potential gains
and incentives as captured by the contract. Finally, we investigate the effects of the
number of bidders and problem complexity on the game outcome.

The structure of this chapter is as follows. In Sec. 4.2, we explain the method-
ology and define the parameters that are needed to describe the acquisition game
mathematically. In Sec. [£.3] we conduct several numerical experiments to study the

outcome of the game. Finally, in Sec. [£.4] we present our conclusions.

4.2 Methodology
4.2.1 Definitions and notations

We idealize the government acquisition process as illustrated in Fig. [L.1 At the

>
RFB Bid to Win Accept the Devote Effort

Contract and Investment
@
ALl A

Fig. 4.1. The timeline of acquisition process executed by the government.

very first step of this idealized process, the government puts out a “request for bids
(RFB).” The RFB describes the type of system the government wants to acquire.
In this study, we restrict our attention to two possible types of system: simple and
complex. The second step is the auction. The firms select their bids and the lowest
bidder wins. In the third step, the government offers a contract that specifies the

requirements of the deliverable system with corresponding deadlines and payments,
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and the winner firm either accepts or rejects the contract. In the fourth and final
step, the winner firm chooses how much effort to devote to the task and delivers the
system. We call this final step, “build-the-system” phase.

Let us refer to the government as principal and show it with agent 0 and the firms
as agents i = 1,..., N, N being the total number of firms. Let #° denote the type of
the agent 7. The type of an agent specifies their “cost of effort.” The cost parameter
is defined as the monetary value of the effort that the agent devotes on the assigned
task. In general, the cost is an increasing function of effort and for simplicity we
assume that it is linear,

c'(e) = Ce. (4.1)

Note that, the the cost of an agent also encompasses their experience level. For in-
stance, a “high-experience” agent, on average, achieves the same level of performance
with lower effort level than that for a “low-experience” agent. Therefore, with two
different levels of cost, C*, we can also distinguish between a high-experience and

low-experience agent. Therefore, we associate the type of an agent only with cost:
0" € {“low-cost”, “high-cost”}, (4.2)

where C? is smaller for “low-cost” agent than that of the “high-cost” agent. During the
RFB step, the principal decides to begin the acquisition for a system with a type 7. To
identify a system’s type, we use a parameter we call “complexity.” Here complexity
captures how difficult it is to improve the quality of a system by devoting effort.
We define the quality function to be a stochastic process that maps the effort to a
measurable outcome of a system that we call quality. In our previous work [66}92], we
argued that a design problem can be modeled as an optimization problem where the
goal is to maximize some attribute function and that the designer’s search strategy
follows certain heuristics that resemble Bayesian global optimization (BGO). The
complexity of the system is specified with the smoothness of the underlying attribute
function that describes the design problem. Intuitively, finding the maximum of a

wiggly function is more difficult than finding the maximum of a smooth function. We
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assume that the design problem is a realization of a Gaussian process (GP). In Fig.

[4.2] we show two random functions from a GP,
a(z) ~ GP(0, k),
where the covariance function k is:
2
k(l‘,.’lﬁ/) = €xXp {_(x 2[3) } 5

which represents the underlying design problems. Finding the maximum of the func-
tion with lengthscale [ = 0.1 is more difficult than finding the maximum of the

function with [ = 0.5. Having said that, we define the type of a system as:

Fig. 4.2. Two random functions from GP, with two different lengthscales,
[ = 0.1 and [ = 0.5. The function drawn from [ = 0.5 is smoother and
therefore, it is easier to find its maximum.

7 € {“low-complexity”, “high-complexity”}, (4.3)

where the lengthscale [ in the covariance function of the GP, is larger for the system

with “low-complexity” than that for the “high-complexity”.
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Now, let us focus on the quality function. Assume that, we draw some random
functions from a GP with lengthscale [ = 0.01 and we perform the BGO on them to
obtain their maximums. In each iteration, the BGO searches in the parameter space
based on a trade-off between exploration and exploitation |107]. Then, it observes
the value of the function and makes a decision about the next query point in the
parameter space. This process is repeated until convergence. Now, we assume that
each iteration of this process resembles the designer’s (or firm’s) strategy in building
the system where they systematically attempt to reach a goal which is maximizing
certain attributes of the design problem. By systematic, we mean that the designer
(or firm) follows some rules based on physics laws, experiments, prototyping, etc.,
in the design process to successfully build the system. In Fig. [4.3] we show some
realizations of the stochastic process that maps the effort to the quality. The progress
in the design process, i.e., making a certain attribute better and better, can follow
any realization of the stochastic process that the nature chooses for us. For instance,
consider two scenarios. First, let us assume that the design progress will be the green
realization in Fig. [4.3| Then, after performing 20 units of effort the quality (attribute
of the system) reaches 2 units. In the second scenario, let us assume that the design
progress will follow the blue line where the quality of the system after 20 units of
effort reaches 3 units. Note that, the quality unit is context-dependent and here, we
normalize it such that ¢ € [0, 3].

In the bidding stage, each agent i either offers a bidding price b’ or decides not to
participate. To keep the notation simple, assume that when the agent does not want
to participate, they simply set b to the special value ‘NP’ (No Participation). The
principal selects the lowest bid, among those who want to participate, as the winner
w:

W =arg min b (4.4)

1<i<N,biANP’

We denote all bidders who lose (or do not participate) in the bidding process with L.
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0 10 20 30 40
e (iteration)

Fig. 4.3. Some realizations of the quality function. The design process
can be any realization of a stochastic process that maps the effort to the
quality (attribute of the system).

Next, the principal offers a predefined contract, . The contract is a function of
the winner’s bid ", delivered system’s quality ¢, and, self-reported cost, ¢V (e). We

parameterize p as:

w0, q,c" () = ab”
+ (1 - Oé)bWH(q - Qmin) (45)

+ ¢ (g, (e)),

where « € [0, 1] is the portion of the winner’s bid that is paid to the winner prior to
starting the task. H(-) is the Heaviside function and qu;, is the requested quality by
the principal. The second term of the right hand-side simply says that the principal
pays (1 — a)b" if the delivered system quality ¢ exceeds the requirement ¢p;,. The
¥(+) function depends on the contract type such as “cost-plus”, “cost-not-covered”,
“incentive-cost-plus”, and “incentive-cost-not-covered.” Using this contract the agent

devotes effort, e. As we explained above, the quality is a stochastic function of the
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effort of the agent and therefore there is uncertainty about achieving the qui,. In the

following, we define the function v(+) for 4 different types of the contracts:

1. cost-plus (CP):

(g,c" () =" (e), (4.6)
2. cost-not-covered (CNC):
¥(g,c" (e)) =0, (4.7)
3. incentive-cost-plus (ICP):
U(g,c"(€)) = (g = duin) + " (e), (4.8)

4. incentive-cost-not-covered (ICNC):

7#(% CW(e)) = h (q - Qmin) ) (49)

where h(-) is a function that maps the exceeding quality to a monetary payment. We
define h(z) = zH (x).

Having defined the quality function, cost of effort, agent types, system types, and
contract types, our goal is to study the bidding strategy of the agents, the effects
of the contract type, problem difficulty, number of agents, and agents’ costs. In
the following section we explain how we map the described scenario above to the

reinforcement learning setting.

4.2.2 Reinforcement Learning Setting of the APG

In this section we describe how to map the game described in Sec. to
the reinforcement learning setting. The goal of a reinforcement learning agent is to

learn an optimal policy that maximizes the expected return. Let us call the setting
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illustrated in Fig. [4.1] the “Acquisition Process Game” (APG). The actors set in the
APG setting include, principal (the government) and the agents (private firms) who
bid. Let us define the Markov decision process [25] (MDP) as the following tuple:

(S, AP, R,7), (4.10)

where S is the set of states, A is the set of actions, P is the state transition proba-
bility function, R is the set of rewards, and ~ is the discount factor. Our goal is to
obtain the optimal policies of the agents that maximize their expected return. In the
reinforcement learning setting, we assume that one episode of the game is played T
times. In other words, there are T" acquisition processes that the government performs
and our goal is to obtain the optimum strategies of the bidders. In the following, we
describe the states, actions, and rewards. In each episode, the state at time ¢ is shown
by S; € S where,

S, = (82,8}, ..., S, (4.11)

and S} is the state of the agent 4 at time ¢. Similarly, the action that the agent 7 takes
at time ¢ and gains a reward, is A and R!, respectively, where A: € A and R! € R.

The policy (decision-making rule) of the agent i is:
' (AilS}), (4.12)

which is the probability distribution over actions given states. The policies are time
independent and

Al ~'((|S)) V> 0. (4.13)
The return of the agent ¢ in step t of an episode of the game is defined as:
T
Gi= 3 Ry (414
k=0

Note that, the discount factor, v, controls how important the future rewards are
compared to the immediate reward of an action. By choosing an appropriate v, we

can make the immediate and future rewards equally effective for the current action.
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The goal of the agent is to find the Bayesian Nash equilibrium policy, i.e., the policy
7*(.].) that solves:

™ (.|.) = arg m(a|>§ E, .- [GY], (4.15)

where 7% ~% are the optimal policies of everyone except agent i.

Having introduced these parameters, let us find the equivalent parameters of the
reinforcement learning in the APG setting. To this end, we describe how one step of
the game is played. In time step ¢, the agents ¢ = 1,--- | N reveal their bid amounts,
bi, based on their previous bid experience, b!_;, and the signal of the winning or losing
in the previous time step o _; € {0, 1}, where 0 denotes the losing and 1 denotes the

winning. Therefore, for the agents i = 1,--- | N the state S} is:
Si = (bi_1,07-1); (4.16)
and the action is:

. b if participates
A= (4.17)
“no-participation”  otherwise,
Now, let us define the state and action of the principal (agent 0). In each time step
the principal selects the minimum bid. Therefore, the state of the principal is the

received bids:

SO = (b, bY), (4.15)
and its action which is selecting the winner, is deterministic:

A) = argmin {b}},", (4.19)

Finally, the winner agent selects the effort level (number of trials in the BGO) that
they need to devote in order to achieve the qu,;, prior to starting their design efforts.
In practice, this is equivalent to allocating the budget to the projects before starting
the task.

In the standard reinforcement learning setting, the agents always have the same

state space and action space as the game evolves. However, in the APG setting, the
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agents experience different state and action spaces. For instance, the agents bid first
where the state and action space are shown in Egs. and [4.17] respectively. Then
the winner agent decides how much effort to devote as the action. In other words, in
APG, we deal with a “changing action set.” To build an agent that performs different
sets of actions in different stages of the game, we need the concept of a “helper” agent
to relate the reward of its action to the reward of the winner agent. To do so, we build
a reinforcement learning agent that selects the effort in the “build-the-system” stage
and we bind its reward with the reward of the winner agent in the bidding stage.
Therefore, the action of the agent in the bidding stage and selecting the effort level
will be tied up. In this way, the agents will confront their actions’ consequences in
the bidding stage later in the “build-the-system” phase. Let us describe the state and
the action of the helper agent in the “build-the-system” phase. The state is always

the constant tuple of:

S = (dmin, C") | (4.20)

and the action is,

A = ¢, (4.21)

The reward process of the game is as follows. The principal’s reward is:
R? = V(qt; Qmin) — u(bfv, dt, CW(et))a (4.22)

where V' (q;; qmin) is the value of the system for the principal. We will assume two types
of value functions, requirement-based (RB) and requirement-plus-incentive (RPI)

which are defined as,

Ves(¢; Gmin) = 10H (¢ — Gumin), (4.23)

and,

Veri(¢; Gmin) = Ve + (¢ = Gmin) H(q — @min) (4.24)

respectively. The loser agents’ reward:

RE =0, (4.25)
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and the winner agent’s reward is:

(
ab)’ reward of winning

RZV = _Cw(et) - ‘/T'ep lf qt < Gmin (426)

\(1 — )b + (g, MV (er)) if @ > Guin,

where V., is the monetary value of the reputation. Note the reward of the winner
agent in Eq. has several temporal stages that correspond to the stages of the
contract defined in Eq. [£.5] The winner agent gains « portion of the bid immediately
after winning and before starting the “build-the-system” stage. Then, the second
part of the reward is contingent on the successful building and deployment of the
system. If the winner agent fails to fulfil the requirement of the system, it will lose
its cost of effort as well as the monetary value of their reputation, V,.,. On the other
hand, if the winner agent is successful in meeting the requirements, they will receive
the remaining part of the contract in Eq. We define the reward for the helper
agent as:

V. it ¢ < dmin
RY = ’ t (4.27)

—c"(er) + (g, M (er))  if g > Cunin -
To identify the optimal behavior of the agents, we use the advantage actor critic

(A2C) method. We summarize the APG in the Alg. [1]

4.2.3 Advantage actor critic (A2C)

There are generally two different ways of solving the MDP problem that arises
in reinforcement learning. The first way is known as value based methods. In these
methods, the agent learns the value of each action in each state or a parameter-
ized function that maps the states to the value of the actions. Then, the policy is
determined by selecting the action that corresponds to the maximum value. The
Q-learning algorithm is one of the value based methods. In the second category, the

agent directly learns the parametrized policy, in Eq. [4.12, In this method we still use
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Algorithm 1: APG pseudo-code

Input: Agents’ types, contract types, number of agents, and system type;
Output: The agents’ bids and efforts;
Initialize A2C for the agents 1,--- , N and helper agent, H;

for episode =1 to E do
Initialize a trajectory list for each agent;

fort=1to T do
Sample a random function from GP;

For each agent i =1,--- | N compute A:;
Agent 0 selects the agent with minimum bid;
For the helper agent compute S¥;

For the helper agent compute Af;

For all the agents compute the rewards R}, ;;

For all agents, push (s, a,r,s") into the trajectory list;

| For all agents, S;_; < S};
| Update the A2C parameters (Sec. [4.2.3));
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a value function to learn the parameters of the policy function. But, for action selec-
tion we sample from the learned policy. This method is useful when the action space
is large or continuous. The A2C is an example of the policy gradient methods which
is used here. Let us explain this algorithm in detail. To start, we first describe the
policy gradient method and then we will extend it to the A2C. Let us parameterize

the policy function as:
9(A[S; B),
furthermore, assume one episode of the game produces the trajectory:
T =S50, Ao, S1,A1,52, A, ..., Ar_1, ST,
the total return from this trajectory is:
G(T)=Ri+7Ry+ 7R3 + . ..,

note how the choice of 3 affects the probability of the trajectory 7, and therefore the
return, G. Let us show the probability of the occurrence of the trajectory 7 by

T ~ P(T; ),
and therefore the expected return is:
J(B) = _P(T:B)G(T), (4.28)

T
now we can define the optimal policy as

9 (5 8%,
where,

5 = argmax.J(9).

To maximize the J(-) function, we use gradient descent and therefore we need to

calculate the gradient of the expected return,

Vs (B8) =Y VsP(T;B)G(T)
’7’
=Y P(T;0)Vslog P(T; )G(T) (4.29)
T

= ETNP(T;,B) [Vﬁ 10g P(T, B)G(T)L
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where,
log P(T 8) =1log P(So) + Y _ log g(Aq|Sy; B)
t

+ Z log P(S¢+1/St),
¢

and therefore,

Vs (B8) = Erupirs | Valog g(AilS; 8)G (1)
, t (4.30)
~ 5D Valogg(AdSi )G (1),

where T' is the total number of steps in each episode of the game. Therefore, learning

the policy function is as follows:
1. In each episode, compute the return G;.
2. Compute the gradient of log policy.
3. Update the parameter 3 as, § < 8+ nVyJ(0), where 7 is the learning rate.

From Eq. , the maximization of J(/3) increases the probability of trajectories
with higher return. This makes the algorithm unstable. Because, 8 converges to the
values that maximizes the g(.) for observed trajectories and unseen trajectories which
are sample of ¢(.), will have lower probability to occur. Moreover, in Eq. we
can replace the G(t) with

G(t) < G(t) = E[GQ)] = G(t) — v(s) = a,
where v(s) is the value of the current state, s,
v(s) = E,[Gy|S; = s] (4.31)

In this way, we can think of Eq. as how much advantage, a;, we gain by following
the policy g(-) with respect to the current baseline, (v(s)). The actor-critic algorithm



78

overcome the stability problem. In this method two networks are used. One network
is g(A, S;B.) = m(A]S) which is called actor, and one network for value function,
k(S;5.) = v(S), which is called critic. To calculate the return G(t), the method
bootstraps and use N-step of future reward,

K-1

G(t) = Z Y Resrar + 7V 0(Sin), (4.32)

k=0

we use N = 1. In Alg. 2] we show the pseudo-code for A2C algorithm.

Algorithm 2: A2C pseudo-code
Input: Initialize 8, and . with random values;

Output: Updated policy and critic parameters, 3, and [,;

for episode =1 to E do
Initialize a trajectory list for each agent;

for t=0to T do
| Generate S;, A; using policy g(A|S;6,) and observe the Ry iq;
Compute the returns using Eq.

Compute the advantage, a; = G(S;) — k(S; 0.);

Compute two losses L,(5,) = —% > log g(A; Bo)ar, and Lo(B.) = 7 Y, af;
Update the networks parameters:

Ba ¢ Ba — MaVs,La(Ba)

Be < Be = ncVp. Le(Be);

4.3 Results

In this section we perform an exhaustive numerical investigation of the effect of
several parameters on the outcome of the APG. We will specifically focus on agents’
bids (b%), the effort level of the winner bidder (e), the utility (gain) of the winner

0

agent and the principal which are shown with u", u°, respectively. We study the

effects of number of participants in the bidding, the agents’ costs, contract types, and
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the market value of the system. We assume two types of value functions, RB and
RPI.

Note that, the APG is played continuously between the principal and agents. In
order to analyze the game we assume that there are T acquisition processes for a
given complexity and we select, " = 5. We may assume same importance to the
immediate and future rewards. We reach this by setting the discount factor v = 1 for

all the RL agents. We set the game parameters as follows:
1. The minimum market requirement for the principal is r;, = 2.0.

2. In all the examples, we assume that the minimum requested quality is equivalent

to the minimum market requirement, ¢uin = "min-

3. If the agents decide to participate, the bid amounts are:
b' € {1.0+ 0.2k : 0 < k < 20}.
and the effort levels are:

ec{2+2k:0<k<19}

4. We assign [ = 0.05 and [ = 0.01 to the systems with “low-complexity” and
“high-complexity”, respectively.

5. We categorize the agents’ types to 2 levels. C* = 0.05,0.15 which correspond

to “low-cost” and “high-cost” agents, respectively.
6. In the examples with “cost-plus” contracts we assume ¢, = 3.

7. In all the examples, we assume that o = 0.2, i.e., 20% of the bid is paid before
the start of the project and 80% of the bid is paid after the successful delivery
of the system.

8. In all the examples, we assume V., = 30.0.
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4.3.1 The effect of the agent types and number of agents in APG

In this section we investigate the effects of the parameters related to the agents.
In all the tables, u° and «" denote the utility (monetary gain) of the principal and

winner agent, respectively.

Agents’ types

In this section we study the effect of the agents’ cost on the outcome of APG.
We assume that there are two agents bidding for a system acquisition with “low-
complexity” (I = 0.05). We assume the contract is “Cost-Not-Covered” and the
system has a RB market value function. In Table we show the results for following

cost scenarios:
1. low-low (C' = C?% = 0.05).
2. high-high (C’1 =(C?% = 0.15).

3. low-high (C* = 0.05,C? = 0.15).

Table 4.1.
Summary of the observations for different agents’ type.

Costs b e uW u?

low-low | 1.81.8 | 16 1.0 8.2
high-high | 3.0-3.0 | 16 0.6 7.0
low-high | 3.0-3.0 | 14 | 2.3-0.9 | 7.0




81

Number of agents

Here, we study how the number of agents affects the outcome of the APG. First,
we assume that there is only one participant in the bidding (no competition). Second,
we run the game with 4 low-cost agents and third, we consider the scenario with 2

low-cost and 2 high-cost agents. We show the results in Table [4.2]

Table 4.2.
Summary of the observations for different number of participants in the
bidding.
Costs b e |u" | W
low 5.0 20 | 4.0 | 5.0

low-low-low-low | 1.2-1.2-1.2-1.2 | 16 | 0.4 | 8.8
low-low-high-high | 1.8-1.8-2.6-3.0 | 14 | 1.1 | 8.2

We make the following observations:

e From Table [4.1] if at least one of the agents is high-cost, the principal must pay

a higher amount in the bidding than that of the two low-cost agents scenario.

e From Table[d.2] we can clearly see the effect of monopoly and how the principal

may gain utility from the competition.

e As the number of low-cost bidders increases, the amount of bid decreases. In a
single agent auction, the agent’s bid is the maximum possible amount. In case
of larger number of bidders there is a larger probability that one of the agents
will bid a very low amount. Therefore, the other agents need to reduce their bid
amount in order to get a greater chance of winning. An other interpretation of
this phenomenon is the labor demand and supply. As the number of laborers

grows the wages decrease.
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e [If there are at least two low-cost agents, they keep their bids low to win the
bidding. Therefore, if there are more than one low-cost agent, it is sufficient to

evaluate the outcome of the APG with the low-cost agents.

4.3.2 The effect of contract type and system complexity in APG

In this section, we investigate the influence of contracts on the principal’s utility.
We consider 2 different cases: “low-complexity” (I = 0.05) and “high-complexity”
(I =0.01) systems. In each case, we assume several different contracts that shown in
tables [4.3] [£.4] [£.5] and [4.6] for several scenarios. For all the “cost-plus” and “cost-
not-covered” contracts we assume RB value functions. For the “incentive-cost-plus”

and “incentive-cost-not-covered” we assume that the value function is RPI.

Table 4.3.
Summary of observations for different contract types for “low-complexity”
system with RB value function.

w/C; b e [ u" | u®

CP/low-low | 1.8-1.8 | 18| 1.8 | 7.3
CP/high-high | 1.8-1.8 | 14 | 1.8 | 6.1
ONC/low-low | 1.8-1.8 | 16 | 1.0 | 8.2

CNC/high-high | 3.0-3.0 | 16 | 0.6 | 7.0

We make the following observations:

e In the “cost-plus” contracts, the agents bid lower than the “cost-not-covered”
contracts. However, the principal gains a smaller amount in the “cost-plus”
contracts due to the cost coverage. Intuitively, in “cost-plus” contracts the
agents low ball in order to win the bid and they strategically misrepresent the

costs.
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Table 4.4.
Summary of observations for different contract types for “low-complexity”
system with RPI value function.

w/C; b’ e | u" | u

ICP /low-low 1.0-1.0 | 32 | 20 | 74
[CP /high-high | 1.0-1.0 | 20 | 2.0 | 6.0
ICNC/low-low | 1.6-1.6 | 16 | 1.8 | 8.4

ICNC /high-high | 2.2-2.2 | 16 | 0.8 | 7.8

Table 4.5.
Summary of observations for different contract types for “high-

complexity” system with RB value function. NP denotes “NO-
PARTICIPATION.”

w/C; b e | u" | ud

CP/low-low | 2.0-2.0 | 40 | 2.0 | 6.0
CP/high-high | 4.0-4.0 | 34| 1.9 | 3.0
CNC/low-low | 3.4-3.4 | 40 | 1.4 | 6.6
CNC/high-high | NP-NP | 0 | 0.0 | 0.0

e For the “high-complexity” system type, the high-cost bidders do not participate
in a “cost-not-covered” contract. This is because, this type of systems has a
higher chance to fail and the agents do not accept such high risks. The principal

in order to encourage the agents to participate, must offer a “cost-plus” contract.

e For the “low-complexity” system types with “cost-plus” contracts, the low and
high-cost agents offer the same bids. For the “high-complexity” system types,
as the agents need to devote more effort and the cost premium is limited, the

high-cost agents bid a greater amount.
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Table 4.6.
Summary of observations for different contract types for “high-

complexity” system with RPI value function. @ NP denotes “NO-
PARTICIPATION.”

w/C; b e | u" | uf

ICP /low-low 1.2-1.2 | 40| 2.1 | 6.8
ICP /high-high | 3.4-3.4 | 36 | 1.85 | 3.6
ICNC/low-low | 2.6-2.6 | 40 | 1.5 | 7.4

ICNC/high-high | NP-NP | 0 | 0.0 | 0.0

4.3.3 Convergence plots

In this section we show the convergence plots for some of the settings described
above. We show the rewards of the principal and agents, the convergence plots of the
bids and finally the convergence plots of the effort of the winner agent in Figs. |4.4]
[4.5] and [4.6] respectively, for 4 different problem settings. For these plots, we use a
moving average with window size of 200.

Note that, the reward shown in Fig. is the accumulated raw reward from
T = 5 steps of each episode and it is not the final gains of the agents and principal.

One can see that the bid and effort levels converge.

4.4 Conclusions

In this chapter, we modeled the acquisition process of a complex system as a game
that is played between the principal (government) and some agents (private firms).
The game includes several stages including, bidding in an auction and “build-the-

2

system.” To model the latter stage, we assumed that the designing and building a
system is equivalent to maximizing a function with a certain smoothness. Then, we

assumed that each trial in building the system is equivalent to one iteration in the
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Fig. 4.4. The reward of the agents and principal for (a): “low-
complexity” system, RPI value function, “incentive-cost-not-covered”
contract, two low-cost agents (b) “low-complexity” system, RPI value
function, “incentive-cost-plus” contract, two low-cost agents (c) “high-
complexity” system, RB value function, “cost-not-covered” contract, two

low-cost agents (d) “high-complexity” system, RB value function, “cost-
plus” contract, two high-cost agents.

BGO and in this way we resembled the cost of “build-the-system” stage to the cost
of iterations in the BGO. We used deep reinforcement learning and in particular the
A2C method to discover the optimal behavior of the agents in bidding and “build-the-
system” phases. We introduced the concept of helper agent to address the problem of
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Fig. 4.5. The convergence plot of the bids of the agents and principal
for (a): “low-complexity” system, RPI value function, “incentive-cost-
not-covered” contract, two low-cost agents (b) “low-complexity” system,
RPI value function, “incentive-cost-plus” contract, two low-cost agents
(c) “high-complexity” system, RB value function, “cost-not-covered” con-
tract, two low-cost agents (d) “high-complexity” system, RB value func-
tion, “cost-plus” contract, two high-cost agents.

“changing action set” in deep reinforcement learning. The action in the bidding stage
is selecting the proper amount of the bid. In the “build-the-system” stage, the action
is to select the proper amount of effort. We bound the reward of the helper agent

which performs the action in “build-the-system” phase, to the reward of the winner
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Fig. 4.6. The convergence plot of the effort level of the winner agents

for (a):

“low-complexity” system, RPI value function, “incentive-cost-

not-covered” contract, two low-cost agents (b) “low-complexity” system,
RPI value function, “incentive-cost-plus” contract, two low-cost agents
(c) “high-complexity” system, RB value function, “cost-not-covered” con-
tract, two low-cost agents (d) “high-complexity” system, RB value func-

tion, “cost-plus” contract, two high-cost agents.

agent. In this way, we built a reinforcement learning agent that selects actions with

different natures. The optimal policies in the reinforcement learning highly depends

on the reward setting in the game. Having set the reputation cost of the winner bidder,

which is the penalty of not fulfilling the requirements, to 3 times of the market value,
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we studied the effect of different parameters such as number of bidders, contract types,
agent types, and problem complexity on the outcome of the APG. In summary our
observations were as following. 1) As the number of lowest-cost participants in the
bidding process grows, the winning bid becomes smaller and the government benefits
from the supply of work phenomenon. 2) A single low-cost firm in the presence of
some high-cost firms misrepresents the cost and therefore, offers a higher bid. 3) For
the “low-complexity” systems the “cost-not-covered” contracts are more profitable
for the government. 4) For the “high-complexity” systems with high-cost firms, the
government must offer “cost-plus” contracts to encourage the bidders to participate
in the system’s acquisition. 5) In “cost-plus” contracts the bidders low ball in order
to win the bidding. Therefore, we suggest that the principal avoid the “cost-plus”
contracts unless it is inevitable.

The proposed model of the acquisition process has several limitations as it is just
a simplified version of the real world procedure. There are several other important
effects that we do not explicitly model, e.g., bureaucracy, the cost of auction for the
government, the cost of bidding for the agents, the cost of validation and verification
of the system, the frictions at the organization level that affect the success of the
winner bidder in delivering the system, and the multi-step evaluation of progress
which may contain go-no-go decisions. Despite the fact that the current model does
not account for these details, it is in principle extendable to something more realistic
and reinforcement learning can still be used to discover optimal policies.

Finally, in this work we have not validated our model against real data. Such a
task is possible, albeit it requires considerable efforts that go beyond the scope of
the present work. First, one would have to gather the necessary data including past
projects, contracts, costs, and auction details; an effort that make require the use of
the Freedom of Information Act. Second, one may develop an inverse reinforcement
learning [108] technique to fit the unobserved part of the agent rewards and disutilities.

The government may use these more sensible rewards to design better contracts.
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