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Abstract

We present a model of the firm as an information processing network. Firms are
comprised of two kinds of agents: searchers and managers. Searchers seek to locate
projects that will improve the firm’s performance; managers process information and
make decisions about which projects the firm should undertake. Firm networks are
characterized by three variables: the depth and breadth of the organization, and the
authority level of decision making. The environment (the set of potential projects) is
modeled as a modified NK landscape. Environmental complexity is measured by K,
the degree to which project components are related; uncertainty is measured by the
probability with which project relationships change over time. In general, given the
costs and benefits of search and information processing, we investigate what types of
networks perform best given the degree of complexity and uncertainty in the environ-
ment.

∗The paper has been prepared for the Third International Meeting “Complex Behavior in Economics:
Modeling, Computing and Mastering Complexity,” COMPLEXITY 2006, Aix en Provence, France, 17 - 21
May 2006. Comments are welcome.
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1 Introduction

In his remarks before the Dallas Ambassadors Forum in April 1999, former Federal Reserve

Chairman Alan Greenspan stated that the physical weight of U.S. output has been getting

lighter and lighter over time. He notes that the changing nature of production and processing

- from heavy, natural resource based activities to information production - is allowing workers

to maintain their high rates of productivity growth. He calculates that though the economy

has grown by a factor of five since the early 1950’s, the actual, physical weight of the

economy “is evidently only modestly higher today than it was fifty or one hundred years

ago” (Greenspan, 1999).

In addition to the changing nature of business activity, large firms (with greater than

500 employees) continue to play an important role in the economy. According to the 2002

Census of U.S. Businesses, there are roughly 5.7 million firms in the economy. Though large

firms only account for 0.3% of the total number of firms, they account for half of all firms’

employment, and 61% of all firms’ revenues. Quite tellingly, of the roughly 17,000 large firms

in the U.S. economy, approximately 40% fall in the 2-digit NAIC category of “Management

of Companies & Enterprises,” classification number 55.

While the economy continues to evolve towards producing services and information, there

has been a lag in the economic theory used to account for the behavior of firms in the new

economy. The traditional production-function theory of the firm still holds sway as the main

core of the theory of the firm and production, despite the fact that the U.S. economy has

many large firms producing nothing more than information.

In this paper we model firms as networks of information processing agents. We build

a computational model to explore the performance of these firm networks in uncertain and

changing environments. Firms’ organizational structures are determined by the number of

agents, the number of levels in the firm’s hierarchy, and the level of centralization of the

firm. We explore how different organizational structures perform in different environments;
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the environment is characterized by the level of complexity and uncertainty.

This paper extends the work of Barr and Hanaki (hereafter, BH)(2005) to include un-

certainty and change in the environment in which the firm operates. We refer to a firm’s

environment as the set of technologies it uses to produce its output, and the set of opportu-

nities available to it for earning profits. The environment includes both features internal and

external to the firm. Internal features of the environment can include the technologies and

expertise available for production, marketing, R&D, and distribution. In addition, the firm

environment may include many items external to the firm such as the degree of competition

and the nature of consumer demand. Because these internal and external factors depend

upon the available technology and know-how of the firms in the industry, we refer to this

environment as a technology landscape.

We assume that all of these environmental components interact in complex ways that

change over time. For example, new technologies of production or distribution may become

available to the firm, making new products more feasible and old products obsolete; com-

peting firms may enter or exit the market and thereby create or eliminate product niches;

consumer demand may shift thereby increasing or decreasing sales opportunities for the firm.

The ability of a firm to react to these changes will be impacted by its internal organization.

And, as Lawrence and Lorsch (1986) have illustrated, firm performance is determined by

how well it is organized.

In general, we are interested in how the complexity and uncertainty of a firm’s environ-

ment impacts its performance given the nature the organization’s information processing

structure. For instance, a complex environment (one that has many interactions between

factors in the environment) may imply that the firm needs a holistic approach to decision

making and information processing, where the firm considers a broad set of pertinent infor-

mation when taking an action. Presumably, gathering a broad set of information is a time

consuming process. In addition an environment that changes rapidly, and thereby creates
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large amounts of uncertainty, may imply that a firm needs to respond quickly in order to

lower the costs from delaying a decision. Thus, there can be tension between the scope of

firm decision making and the speed and cost with which the firm is able to react to change.

We incorporate these features by extending the model of BH, where the goal of a firm

is to search a technology landscape in order to locate a set of projects that improve its

profitability. Here, we explore the relationship between the complexity and uncertainty of

a firm’s environment and the structure of its information processing (IP) network. For

simplicity, agents in the firm are arranged hierarchically, but information and decisions are

made both in parallel and serially.1

As in BH, we model three features of the firm’s organization: the number of vertical

layers of the firm (“the depth”), the number of subordinates per manager (“the breadth”),

and the level of the hierarchy at which decisions are made (“the authority level”).

Also, as in BH, we model the environment in which a firm operates as a modified NK

landscape. In BH, the complexity of the environment is measured by two parameters, K,

the degree to which projects are connected (i.e., the “ruggedness” of the landscape) and

β ∈ [0, 1] , a measure of the “orderliness” of the system, i.e., the degree to which project

connections are global or local. When β equals zero, for example, all projects are intercon-

nected locally (i.e., the system is nearly decomposable or nearly “modularizable” (Simon,

2002; Langlois, 2002); on the other hand, when β equals 1, the connections between projects

are fully random, and thus the system cannot be decomposed.2 Here in this paper, as will be

explained below, instead of working with the parameter β, we introduce a new but related

parameter that measures the frequency with which the location of interdependencies changes

(thus, we introduce a measure of environmental instability).

1Future work will explore the evolution of network structure to investigate under what conditions hi-
erarchical networks emerge. Other work has demonstrated the optimal nature of information processing
hierarchies, for example Radner (1992).

2Note that the two measures of the complexity of the technology landscape are interesting when K is
relatively small vis a vis N. AsK grows relative to N, and the degree of interconnectedness grows, β becomes
increasing irrelevant because almost all projects are connected.
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Though this paper builds on the model of BH, it deviates in two key ways. As mentioned

above, we introduce a measure of uncertainty in addition to complexity. Firms not only

operate in environments that have differing degrees of technological and system-based com-

plexity, but the environment also has differing degrees of uncertainty. As such, it is important

to investigate firm performance in complex and uncertain environments to see which types

of information processing networks perform best and are robust to environmental change.

Here we model uncertainty as changes to the connections between projects that occur over

time. We refer to this type of uncertainty as knowledge uncertainty in that it encompasses

changes to the structure of the environment in which the firm operates. In our model firms

face two problems. First, the firm attempts to find a set of projects that maximizes payoffs

in their environment. Second, the first problem implicitly requires the firm to uncover

the underlying connections among the projects in its environment. Knowledge uncertainty

incorporates changes in these connections that are unobserved by the firm and therefore

must be learned.

As the environment becomes more fluid, organizations must put increased emphasis on

finding good solutions to problems quickly. It does no good for a firm to find an optimal

solution to a problem in a year if the problem it is trying to solve changes before it gets to

the best solution. Thus there may be benefits to finding good, but non-optimal, solutions

quickly as opposed to finding optimal (or near optimal) solutions but over a greater length

of time.

Another feature of this paper that is different from BH is the explicit introduction of

processing costs for organizations. In BH, the decision costs are embedded into the model

as delays in the processing of information. In this paper we explore the relative costs to the

firm for two explicit types of information processing activities: “decision making” and “in-

formation evaluation” to see how they affect net performance. The relative costs can reflect,

for example, the efficiencies or comparative advantages of different firms—some may be more
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efficient at decision making, while others may be more efficient at evaluating information.

By explicit discussion of the costs we can focus on the advantages and disadvantages of

firm size. In BH, in general, small firms sizes were optimal. Here we show that a larger firm

size can increase the speed of information processing (and hence reduce the costs) since more

agents are available to analyze information. We show under what circumstances a larger size

firm performs better than a smaller one.

We investigate firm performance (excluding costs) from two different angles. First we

demonstrate some time series runs for several organization types. to show how different

organizations perform over time. For example, in the short run, decentralized organizations

have a speed advantage, but centralized organizations tend to catch up and maintain a lead.

The reason is that centralized organizations, as we discuss below, tend to search locally but

have a wider scope in decision making. Also over time, we show that a similar time tradeoff

exists between large and small firms: large firms move fast, but slow firms are “steady” and

over time they eventually catch up.

In addition to time series results, we look at average performance over time to see what

types of organizations perform best. As we show below, different firm sizes and levels of

centralization are best depending on the nature of the environment.

In term of the costs to information, we show that decentralized firms have a cost ad-

vantage, since they evaluate data and make decisions faster. We demonstrate how the “net

profit” of the firm is determined by the relative costs and benefits from its organizational

structure.

The remainder of this paper proceeds as follows: In section 2 we discuss the two compo-

nents of the firm as an information processing network and a technology landscape. We then

present, in section 3, our model which includes explicit specifications of the environment

in which our firms compete, and, in section 4, the organizational features of our firms. In

section 5, we discuss how a firm’s search algorithms and organization interact to affect firm
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performance through a series of computational experiments. In section 6, we discuss the

costs involved with processing information for each type of organization. In section 7 we

present results of the net profits of organizations, where we combine the costs and benefits

to search and organizational structure. Finally, we offer some concluding remarks in section

8.

2 The Firm as Complex System

For the purposes of this paper, we can think of the firm as two types of complex systems: a

production (technology) system and an information processing (hereafter, IP) system. The

production system is the set of activities and resources that the firm has at its disposal to

generate its outputs. The IP system is a network of agents who process information and

make decisions. The goal of a firm is to locate a set of projects that is relatively efficient,

i.e., produces the best fit with the economic environment.

2.1 The Firm as an Information Processing and Managerial Net-

work

As Coase and Williamson discuss, firms emerge as a way to reduce both the transaction and

principal-agent costs involved with producing goods and services (Coase, 1937; Williamson,

1985). Thus much of the market is brought “in house” as a way to centralize and coordinate

the tasks of employees; the firm can be thought of as a type of micro command economy

(Chandler, 1977). Therefore, a firm can be thought of as a network of agents; the agents

must process and communicate information to each other so that the system can function

efficiently, in light of the fact that firms operate in competitive environments.

The firm’s internal characteristics evolve and adapt according to its global performance,

which, in turn, is a function of how well the internal systems of the firm are put together. The
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organization is more analogous to the human body, where the functioning of the different

parts must be coordinated to operate as a whole. Here we take an agent-based approach

to investigate the behavior of the firm in the sense that the firm is modeled as a network

of agents. Because organizations are highly complex systems, we simplify the nature of

the agent activities to investigate how information processing activities affect performance.

We assume agents to be boundedly rational and to have limited computational abilities.

Workers and managers within the firm must specialize in a limited set of activities. There

are no incentive issues between agents. Managers must also engage in the act of information

processing in order to make decisions for the firm. We focus on how the complexity and

uncertainty of a firm’s environment can affect the performance of an organizational structure.

Work in this vein includes Radner (1992), who models the firm as a type of “adding

machine” to explore what types of organizations have the lowest delay. In Miller’s (2001)

model, organizations are comprised of randomly generated networks of agents that perform

associative operations. Over time organizations evolve by using genetic algorithm type rules

to mutate or combine suborganizations in order to improve their speed of computation.

Rivkin and Siggelkow (2003) model the organization as a CEO and two subordinate man-

agers, with decision making control for a department or firm unit. Firms differ in the decision

making role of the CEO, the quantity of information received from the subordinates, and

agents’ incentives regarding consideration of other agents’ information. Finally, the work of

Chang and Harrington (2006) summarizes the state of research on agent-based models of

organizations.

2.2 The Firm as Technology Network

Because the production system itself is a complex system, we model it as a type of rugged

landscape (Kauffman, 1993). Over the past ten years, there has been an increasing body

of literature that views the firm’s activities as some form of an NKlandscape; an idea that
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was developed in the biological sciences by Kauffman (1993). Kauffman’s model depicted

biological entities with genetic codes that evolved over time. Economists have adapted the

model for understanding the evolution of economic phenomena since biological and economic

systems have many things in common. Most importantly, economic systems like biological

ones are inherently evolutionary in the sense that these systems must change over time as the

environment changes; as such, internal changes (such as in genes in animals or routines in

firms) in the system are required to maintain a high level of performance. In our model firms

must search the landscape in order to find a set of activities that improve its performance.

The search mechanism can be thought of as a type of evolution of its genetic code. Firms can

search locally by making small incremental changes in its activities or globally by making

drastic changes (such as corporate restructuring where firm’s may sell off whole product lines

and acquire new ones.)

In this sense, rugged landscape models can be used to model different aspects of the firm.

In our case the rugged landscape is seen as a set of projects that may be undertaken by the

firm. And the individual projects engaged affect other potential projects. In this sense there

are intranalities within firms that reflect such interdependencies (Kauffman, et al., 2000).

Specifically in our model, intranalities refer to the inter-connected effect for each payoff; that

is decision i is affected by K other decisions. Thus when we change any of these K other

decisions we also change the payoff to decision i.

3 The Environment

In this paper, as in BH, when we refer to the environment we mean a particular technology

network, which represents a nearly decomposable system of decisions that interact in a non-

linear way. The firm does not necessarily know how these activities interact, and therefore,

the firm engages in search along the landscape to find, if not the best set of projects, then

the ones that produce relatively high payoffs. Since the space of projects is large and agents
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have bounded rationality and computation abilities, they cannot simply select the global

best set of projects. In addition, even if a firm could locate a global optimum in a certain

period, environmental uncertainty can render this optimum obsolete; thus the firm must

keep searching to maintain competitiveness.

As discussed above, we model the environment as a modified NK Landscape (Kauffman,

1993), which is a useful way to depict environmental conditions facing the firm. In this

paper, our measure of complexity is how tightly coupled the environmental system is (K) .

In addition, we have a measure of environmental uncertainty (α), which is the probability

that project couplings change (discussed in more detail below.) Without loss of generality,

in the rest of the paper, when we refer to “the environment” we refer to a particular network

structure given by NKα (which is a particular class of networks.)

3.1 Payoffs

The landscape is a mapping from the set X = {0, 1}N to R+. That is to say, an element from

the environment x ∈ X is a vector of binary digits of length N , and each x is associated with

a payoff π (x) ∈ R+. How this mapping occurs also depends upon the value of K, which is

a parameter that specifies the degree of interaction among the elements of x. Thus K is an

important measure of environmental complexity. A large value of K means that elements of

x are highly interdependent; a change of one value of x can cause dramatic changes in the

payoffs associated with the new vector x0. In the simplest case, when K = 0, there are no

interdependencies (or intranalities), and, as a result, a change in x of one bit will result in a

relatively smooth change in payoffs.

In the K = 0 case, the value of each bit is independent of the value of the other bits for

a particular x. Thus we create the “landscape” as follows: for each bit xi, i = 1, ..., N we

assign a payoff πi (xi) that is a randomly generated number from a uniform 0−1 distribution.

So for example if xi = 0, it assigned a particular randomly generated number,πi (0) , and
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if xi = 1 it is assigned another randomly generated number, πi (1). In this case then we

generate 2N different random payoff values. The value of each x is given by

π (x) =
1

N

NX
i=1

πi (xi) , (1)

the average of the payoffs for each bit.

In the case of K = 1, the payoff of each bit xi is also determined by the value of a bit

xj, i 6= j. Thus for each possible value of xi and xj we randomly generate a payoff value

πi (xi;xj) . (We discuss the relative locations of xi and xj below.) Since the payoff of xi

depends on the value of xj, we have four possible payoffs associated with xi : one when

xi = 0 and xj = 0, one when xi = 1 and xj = 0, and so on. Thus to create a landscape, we

generate 4N payoffs. The payoff of any particular vector is given by

π (x) =
1

N

NX
i=1

πi (xi;xj) . (2)

In the general case for any value of K, we have payoffs of xi determined by the value of

K other elements:

π (x) =
1

N

NX
i=1

πi
¡
xi;x

1
j , ..., x

k
j

¢
, i 6= j

To create a landscape we randomly generate 2k+1N payoff values.

3.2 Uncertainty

We implement environmental uncertainty as changes in the relationships between projects

over time. Let γti be the set of elements to which element i is connected in period t. We define

a process where γt+1i changes as a function of γti and an uncertainty parameter α. Suppose

we have element i dependent on elements j, k, .... With probability α, each connection is

rewired to a new connection. i.e., with probability α the connection ij becomes connection
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Initial Orderings Moderately Rewired Highly Rewired

Figure 1: Example of evolution of connections over time, k = 2, α = 0.05.

ij0; with probability α the connection ik, becomes connection ik0, etc. Each of these potential

re-wirings are independent. So, the probability that all of the K connections are re-wired

is αK. As these re-wirings occur over time the environment moves from an ordered to a

more disordered system. Consider the example shown in Figure 1. In the first period each

element is connected to its nearest neighbor. But as the re-wirings occur the connections

between elements become less ordered and less localized. Thus the firms must learn to deal

with change and with a more disordered and difficult system of interactions.

Note that when the re-wirings of connections occur we keep the payoffs the same but just

change the interactions. In this formulation the firm tries to learn the new connections, and

it leaves the set of potential payoffs unchanged.

4 The Organization

As discussed above, the firm is modeled as an information processing network. We assume,

for simplicity, that the structure of the network is inherently hierarchical (and leave for

future work the endogenous, dynamic formation of network structure). Here, our aim is to

ask: how do different network structures perform given the environmental characteristics?

In this paper, we model the organization as a type of directed graph. There are two
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b=3, d=1 
 

b=3, d=2 

CEO 

Managers 

Searchers 

CEO 

Searchers 

Figure 2: Two types of organizational structures

types of agents, searchers and managers. Searchers are associated with a particular location

on the NK landscape. They search and report the location to the managers, who then

transmit information up the network to the final or terminal node (CEO). An important

parameter for the organization, apart from those that determine its graphical structure, is

the locus of decision making authority, which will be discussed below following a description

of organizational structure and the role of searchers.3

The Organizational Structure Information flows from the field agents to the man-

agers and to a final node (CEO). We generate organizations based on two parameters,

b ∈ {2, 3, . . .} and d ∈ {1, 2}. The value of b, the “branching ratio,” (or breadth) is the

number of subordinates per node. “The depth,” d, is the number of vertical layers. The size

of an organization, including CEO, with branching ratio b and depth d is
Pd

j=0 b
j where bd

of them are searchers.4 Two examples of organizations are given in Figure 2.

The organization divides up the landscape as follows. First each of the b managers are

given “control” over the greatest integer number of bits less than N/b (i.e., each managers is

assigned bN/bc bits). If b bN/bc 6= N then each manager is assigned additional bits in turn,

until the landscape is fully partitioned. Given that each manager has b subordinates, the

set of bits assigned to a manager is further divided up into smaller sets, and assigned to his

3Note that the description of the firm and it’s activities close parallels that of BH (2005).
4This way of generating organizations is, of course, rather limited in the sense that it does not generate

all the possible structures for a given organizational size. But this we leave for future research.
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subordinates in a similar manner as described for the managers. Therefore, the landscape of

size N is fully partitioned among the searchers.

The Searchers For example, suppose there are S searchers. For a given landscape of

size N, we partition the searchers (also referred to as “field agents”) so that each searcher

evaluates a particular subvector of x such that at a given time agent s evaluates ωs bits.

Mathematically, we refer to the bits under consideration of agent s as χs, such that ∪Ss=1χs =

x and ∩Ss=1χs = ∅; we call a particular χs at a given time the proposal of agent s.

Each period each field agent flips a randomly chosen bit under her control. If the searcher

has decision making authority, she calculates the payoff of the new proposal, which is the

average payoff of the payoffs of the bits under her control:

πs (χs) =
1

ωs

X
i∈χs

πs (xi) . (3)

Notice that the searcher only observes a payoff for each bit, but does not have any knowl-

edge about how the bits are interconnected. If the change improves her payoff (calculated

by using equation 3) she proposes that change; if not, she proposes the status quo. If she

does not have decision making authority she simply passes the proposal up to her manager.

Authority and Decision Making Another important parameter is a ∈ {0, ..., d}, the

“authority level,” which designates the layer at which the final decisions are made. The level

of authority determines how centralized the decision making is. If a = 0, the authority is

given to the highest level, i.e., to the CEO. Thus the organization is fully centralized ; in the

case of a = d, decisions are made by the searchers themselves, and the organization is fully

decentralized ; for 0 < a < d decisions are made by the middle managers if they exist.

In the fully decentralized case, each period a searcher randomly flips one of the ωs bits

under her control and evaluates the payoff according to equation (3). Then she compares
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it to the previous proposal. If the new payoff is greater than the current one, she selects

the new one. If not, she keeps the current proposal. Next she passes the proposal (i.e., the

subvector) up the hierarchy to the next level. The manager above the searcher then takes

the proposal fed to him and “joins” it with proposals from the other searchers under him.

Notice that when authority resides in the lowest level, the agents above the decision makers

only act as information processors — joining the proposals and passing them up the hierarchy

to the CEO, who then calculates the final payoff for the entire proposal.

If the authority resides with the middle managers then the decision making works as

follows. Each searcher randomly flips one of the ωs bits under his control and evaluates

the payoff as above. The field agent passes the new proposal, if any, up to the manager

above her. Each manager “takes in” the proposal from his subordinates and compares the

proposals one by one holding everything else constant. For example, if a manager has 3

subordinates, and all the subordinates have passed up a new proposal, the manager first

evaluates the new proposal of subordinate 1, while keeping constant the old subvectors of

subordinate 2 and 3 . Next, he evaluates the new proposal of subordinate 2, keeping constant

the old subvectors assigned to subordinate 1 and 3, and so on. Thus if each manager has

b subordinates, then each manager only evaluates at most b new proposals, and passes the

best one up in the hierarchy to the CEO, who joins the b proposals from the managers and

calculates the final payoff. Note that each manager evaluates at most b new proposals, and

then takes the maximum value of the b + 1 proposals (the b new ones and the old/current

one). The assumption about managers evaluating one proposal at time and choosing the

best one, instead of considering all the possible combination of received proposals, is made

based on the assumption that managers have limited time and processing capability, and

thus a natural simplification is that they only evaluate one possible change at a time, and

that the number of these one-bit changes are limited.5

5In future work, we plan to explore the effect have having managers with greater capabilities that can
explore many or all possible project combinations.
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A similar procedure is applied when the authority rests with the CEO. Now the middle

managers, if they exist, act as screeners, comparing the b proposals offered to them by their

subordinates. Then they pass up the best one to the CEO. The CEO evaluates the b new

proposals from his subordinates and selects the best one.

Notice that the higher is the authority level, the more information is used to make a

decision in the sense that agents see a larger proportion of the total number of bits in each

proposal. This becomes particularly relevant as we increase K, for example, since, cet. par.,

an increased value of K means more interdependencies among the environmental bits, and

greater centralization confers a greater ability to evaluate all the proposals, but changing b,

d, and a affect the distance of search, the quantity of information processed and the scope

of project evaluations. After a brief example of how the search algorithm works, we discuss

these different facets of firm search below.

4.1 Organizational Structure and Search Distance

Here we investigate the relationship between the Hamming distance and organizational struc-

ture. Take two project vectors, x,x0 ∈ {0, 1}N . Define the Hamming distance (HD) as

HD (x,x0) =
NX
i=1

|xi − x0i| ,

which is just the number of bits that differ in each vector. The HD can be used as a measure

of how far the organization is searching each period, if x is the firm’s current set of projects

and x0 is a new proposal under consideration.

In the d = 1 case, we have two types of organizations with regard to authority level:

fully centralized, a = 0, or fully decentralized, a = 1. Let’s begin with the decentralized

organization with b agents. Each period, each of the b agents flips 1 bit, thus HD = b. In

other words, the firm can change up to b bits each period. As we discuss below, however,
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greater b may have other effects as well.

For comparison, consider the centralized organization (a = 0). In the first stage, we have

HD = b since each of the agents flip one bit. But the organization filters out information (also

discussed below) as the CEO then chooses only the best of these proposals to be implemented.

After filtering and evaluation the organization has HD = 1. So the centralized organization

has localized search in that it only changes one bit every period. The firm can only move a

small distance from its current location each period.

Now consider organizations with more depth, d = 2. Again begin with the decentralized

case, (d = 2, a = 2), with breadth of b. This gives b2 searchers. Thus we have HD = b2,

so these types of organizations can search at large distances from their current location. If

a = 1, then each manager evaluates b proposals with HD = 1, but there are b managers

each making independent decisions. Thus we have HD = b. In this case the organization

has an intermediate search distance. Finally, with full centralization, a = 0, the organization

filters down until the CEO selects one of b proposals that each have HD = 1. Again, full

centralization has only localized search.

4.2 Granularity and Filtering

As decision making becomes more centralized, for example, the organization filters out infor-

mation that otherwise might be useful. That is, since managers evaluate a limited number of

proposals from their subordinates, they are in effect reducing the number of projects evalu-

ated (in addition to the distance of search). Thus filtering means a reduction in the number

of projects evaluated. Filtering increases with greater levels of centralization. But greater

centralization also allows for the decision maker to have more information available to her

for the decision. We refer to this as the scope of the decision maker. Thus centralization

introduces a tradeoff: a reduction in search distance, but an increase in the ability to account

for the intranalities.
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Another issue in regard to organizational structure and performance relates to what

we call the granulatriy effect: as we increase b we increase the number of searchers and

thus agents have fewer bits under their control. Their decisions are more likely to work at

cross purposes with other agents, since they do not take into consideration the decisions that

other agents will make. That is, the fewer projects that agents evaluate (larger b means fewer

projects evaluated per agent), the more likely their decisions will have negative consequences

for the firm as a whole (though it may be good for the individual agent) since agents will be

working at cross purposes.

To illustrate, let’s take two extreme cases. First, let’s say there is only one searcher,

and thus she evaluates the entire project proposal and thus is able to measure the effect of

proposal changes to the entire firm. On the other hand, let’s say b = N, in this case, each

searcher’s choice is made irrespective of the effect of any other project choice on the firm.

Thus, unless K = 0, the agent will not evaluate the entire effect of her proposal since it

affects other parts of the firm that are beyond her knowledge; there will be some amount

of granularity effect. Clearly the granularity effect increases as we increase either K or b or

both. The most dramatic granularity effect occurs for large b and K values. However, larger

values of b introduces a tradeoff: the greater the value of b means that the firm searches

across a larger distance from its current location (as measured by the Hamming distance)

but a large b also implies a large granularity effect and limited scope for the firm.

5 Simulation Experiments for Organizational Structure

and Search

We now use the model described in the previous sections to illustrate the effects of search

distance and granularity in various environments. We first illustrate the search distance

and scope effects of authority level as we vary the level of complexity (k) and uncertainty
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Figure 3: Performance over time of d = 2, b = 4 organizations in different environments.

(α) in the environment. Following which we examine the effects of the branching ratio and

granularity in these same environments.

We begin with a d = 2 and b = 4 firm structure that can have authority levels of a = 0

(centralization, CEO level decision making), a = 1 (intermediate, manager level decision

making), and a = 2 (decentralization, searcher level decision making.) We consider two

levels of complexity, k = 2 (simple environment) and k = 6 (complex environment), and

we consider two levels of uncertainty, α = 0.001 (low uncertainty or “stable”) and α = 0.01

(high uncertainty or “unstable”).6

We display the firm performance of each authority level for these four possible combi-

nations of complexity and uncertainty in Figure 3.7 Beginning with the simple and stable

environment (k = 2, α = 0.001) we see that in period 500 all firms achieve roughly the

6We find that for levels of uncertainty slightly larger than 0.01 that all firm structures perform equally
poorly due to there being too much noise in the environment.

7Each plot is the average performance of twenty runs, with each run having the same initial starting
vector and payoff.
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same level of payoffs. The more decentralized firms achieve slightly worse payoffs but the

difference is small. However the most interesting thing in this panel is the initial speed with

which the firms begin their search. The decentralized firms more quickly achieve their level

of payoffs. They achieve a payoff of 0.70 almost immediately and shortly thereafter they

level out to a flat payoff level. The moderately centralized and centralized firms behave in

a very similar manner except that they take longer to reach their payoff plateau. The mod-

erately centralized firms reach a plateau around period 30 and the centralized firms reach a

plateau around period 40. This observation captures the speed effects that go along with the

search distance of the firms. The decentralized firm is able to move more quickly across the

environment to find a good solution because of its greater per period search distance. The

other firms move more slowly. But in the end, all of the firms reach nearly the same level of

payoffs on average because the problem that they are trying to solve is relatively simple.

In the top right panel of Figure 3 we increase the uncertainty of the environment α = 0.01

but keep the complexity at a relatively simple level k = 2. Again we view that the centralized

firm is the slowest moving organization type. But this time the centralized firm consistently

out-performs the other firm types by the end of the simulations. To understand this result

recall that the level of uncertainty measures the probability that each bit interaction is re-

wired in each period. So as the system progresses we are moving from an ordered system to

a more disordered system (the interaction bits are less likely to be near each other in period

500 than in period 1.) Thus, as disorder increases, the scope of the firm becomes increasingly

important. The centralized firm is able to view these long range interactions but the more

decentralized firms are not.

In the bottom left panel of Figure 3 we return to a low uncertainty environment (α =

0.001) but increase the level of complexity (k = 6). Here we observe that the decentralized

firm does very poorly relative to the other firm types. The decentralized firm is unable to

account for the level of complexity that is contained in the environment. In addition, the
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performance of the decentralized firm significantly decreases over time as the system becomes

more disordered. The decentralized firm is unable to deal with this level of complexity.

However, the centralized firms and the moderately centralized firms both perform at levels

comparable to the simple environment. The increased level of complexity does not appear

to effect the ending payoffs achieved by these firm types. But notice that it takes longer for

the a = 0 and a = 1 firms to achieve these payoffs relative to the top left panel. Because the

environment is more complex these firms are solving a more complex problem and as one

would expect, it takes them a longer time to do so. In the end the a = 0 and a = 1 firms

are able to solve the problem, but the decentralized firm is not (relative to the centralized

and moderately centralized firms.)

In the final (bottom right) panel of Figure 3, we consider a highly complex (k = 6) and

highly uncertain (α = 0.01) environment. Recall that there are two effects of the authority

level that come into play: First as we centralize the firm we increase the scope of the firms

ability to deal with the intranalities. Thus as we saw in the previous paragraph, decentralized

firms do not deal well with highly complex environments. Second, more decentralized firms

respond more quickly because of their larger per period search distance. (This is best shown

in the first panel of Figure 3.) As uncertainty increases we need firms to respond more quickly

to their environment. Else, the payoff they are working toward may be gone by the time they

get there. Thus one can imagine that decentralized firms may perform well as uncertainty

increases. But, if the environment is too complex, the decentralized firm may not be able to

find adequate solutions even if they are able to move quickly, as we saw in the third panel of

Figure 3. We observe in the highly complex and highly uncertain environment of our model

that the scope effects win out in this case. In this version of our model uncertainty also

creates disorder over time and thus a centralized firm structure is most beneficial.8

8We also have another version of our model in progress where only the payoffs, and not the re-wirings,
change. This model contains uncertainty because of the changing payoffs but it will hold constant the
orderings of the interactions across time. We expect this model to more clearly demonstrate the speed
effects of decentralization. However, the results are not yet complete.

21



0.50

0.55

0.60

0.65

0.70

0.75

1 51 101 151 201 251 301 351 401 451

b=2
b=10
b=20
b=30

K = 2, α = 0.001

0.50

0.55

0.60

0.65

0.70

0.75

1 51 101 151 201 251 301 351 401 451

b=2
b=10
b=20
b=30

K = 2, α = 0.01

0.50

0.55

0.60

0.65

0.70

0.75

1 51 101 151 201 251 301 351 401 451

b=2
b=10
b=20
b=30

K = 6, α = 0.001

0.50

0.55

0.60

0.65

0.70

0.75

1 51 101 151 201 251 301 351 401 451

b=2
b=10
b=20
b=30

K = 6, α = 0.01

Figure 4: Performance over time of d = 1, a = 1 organizations in different environments.

5.1 d = 1, a = 1 Organizations

In Figure 4 we complete the same analysis but this time we vary the branching ratio, b.

Here we hold the depth and authority level of the organization constant at d = 1 and a = 1.

Recall that there will be two effects of an increased branching ratio. First a large b implies

that each searcher controls and searches over fewer bits. Thus a large b implies a small scope.

Second, a large b also implies that the firm will have a large search distance. Thus large b

firms will be able to react more quickly.

In the simple and stable environment (the top left panel of Figure 4) we most easily see

the search distance (speed) effects of the firms. A larger b implies that the firms should reach

its solution more quickly. Each of the firms reaches their plateau level of payoffs and stays

there with the largest b firms reaching their plateau more quickly but each plateau is also

successively lower as we increase b. Essentially the slow firm with the large scope finds a

better solution on average but it takes much longer to get there.
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If we increase the uncertainty in the environment (top right panel of Figure 4) we see

that speed becomes more important. As uncertainty increases the firms need to locate good

solutions quickly (even if they are not optimal solutions) before the environment changes

again. We see that the firms with a larger branching ratio are better able to cope with the

uncertainty.

If we return to the low uncertainty case but increase the level of complexity (α = 0.001,

k = 6) we see that the large b firms do very poorly and their performance decreases as the

amount of disorder in the system increases. Similar to the decentralized authority level, the

large b firms cannot handle high levels of complexity. The b = 2 organization again reacts

very slowly and it takes it a long time to find a good solution but with enough time, the

scope of the b = 2 firm allows it to perform best in highly complex environments.

Finally, when we consider an environment with high complexity and high levels of uncer-

tainty we see the slow speed effects of the small b firms. The overall performance of the small

b firm drops to being just above the other firms. Essentially the slow speed disadvantage

is magnified in the high uncertainty case to make it only marginally better than the high b

firms.

Overall, this section has provided examples to demonstrate how authority level and firm

size characteristics affect the search performance of the firm. In summary, centralization

provides large scope for firm decision making but also slows the response of firms to changes

in the environment. Large firms (those with large b) provide fast reactions but do so at the

cost of limited scope.

6 The Costs of Processing Information

In the section above, we explored the performance of different networks and how they balance

the tradeoff between speed and scope. Here we turn to the question of how network structure

affects the costs of the firm. We focus on two particular costs that are related to the speed
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with which a firm can process information: the number of decisions made each period and

the number of evaluations each period. In short, our focus is on the algorithmic “delay”

involved with selecting a set of firm activities. The main costs to IP are the time costs

involved with generating a decision (Radner, 1992). We therefore count the number of steps

involved in processing information and apply parameters that convert the number of steps

to a monetary time cost.

A decision occurs each time an agent considers a new proposal. Note that if a subordinate

passes up the same proposal as the last period then the manager does not have to make a

decision in the present period with respect to that proposal because it is already part of the

status quo proposal.

An evaluation occurs when an agent evaluates a new proposal or combines proposals

together. That is to say an evaluation is the process of calculating a payoff for a particular

proposal or subproposal; on the other hand, a decision involves comparing different proposals

or subproposals and selecting the one with the maximum value. Thus an evaluation is the act

of adding all of the individual payoffs together to prepare for a decision on a given proposal.

The Decision Costs Define bt as the number of decisions that need to be made by

a manager each period and b
0
t as the number of decisions made by the CEO if she has the

authority. We then calculate per period decision cost as follows.

DCt = c1

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
0 if (d− a) = 0

bt if (d− a) = 1

bt + b
0
t if (d− a) = 2

⎫⎪⎪⎪⎪⎬⎪⎪⎪⎪⎭ ,

where c1 is a parameter which converts the number of decisions made to a monetary value.

In the decentralized cases, we normalize the number of decisions to zero. The reason is

that searchers make the same number of decisions, cet. par, regardless of the authority level

and firm size because of the parallel nature of decision making at the searcher level. Thus
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we can compare the costs of medium centralization and full centralization relative to the

decentralized cases.

Note that bt is related to b in the sense that the more agents there are the more decisions

that will have to be made. But in general bt 6= b. The actual number of decisions may

be less than the maximum (which is given by b) in any given period if searchers are not

finding new proposals to evaluate. As well, the actual number of decisions will be a function

of complexity, uncertainty and time. In short, decisions costs are a simple linear function

of the total number of decisions made by an organization. Notice also that, cet. par.,

increasing centralization increases the costs with respect to decision making since more levels

are involved in the decision making process.

The Evaluation Costs The following equations describe the evaluation costs for our

model. For ease of exposition, we explicitly state the cost function separately for d = 1 and

d = 2 organizations.

ACt = c2

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
N/bd + δN , if a = 2

N/bd + btN/b+ δN, if a = 1

N/bd + btN/b+ b
0
tN, if a = 0

⎫⎪⎪⎪⎪⎬⎪⎪⎪⎪⎭ if d = 2 (4)

and

ACt = c2

⎧⎪⎨⎪⎩ N/bd + δN, if a = 1

N/bd + btN, if a = 0

⎫⎪⎬⎪⎭ if d = 1, (5)

where c2 is a parameter. δ is an indicator function that equals 1 if a new decision is made,

and 0 otherwise.9

Notice a few things about the cost functions. Every firm has to perform at least N/bd

9Note that we ignore wage costs on the assumption that for the size networks we work with node costs
are fixed.
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evaluations because this is the number of evaluations made per agent at the searcher level.10

The greater the size of the organization, as given by b, the lower the evaluation costs,

cet. par. This is simply due to the fact that each agent has a responsibility for a smaller

part of the landscape. Thus, all else equal larger organizations should have lower costs to

evaluating information. However, if a < d, then there is some degree of centralization and

this increases the number of evaluations (and decisions) being made. As a result, increased

centralization will offset any reduction in costs due to increased b.

Lastly, in general, as a firm searches over time, the average number of decisions that it

makes will tend to stabilize. As a result, in the simulations below, the average value of δ

across runs becomes an empirical probability that a firm will choose a new proposal at each

time period. For “easy” environments, δ will converge to zero; increasing complexity and/or

uncertainty will mean that δ will not converge to zero, in general.

In summary we can conclude the following from the cost functions. The determination of

costs for information processing is a function of a, b, and d. In the long run, decentralization

will always have a lower cost than centralization. The difference in the long run costs between

centralization and decentralization will always be a function of the nature of the environment.

In complex environments, where there are many more decisions to be made each period, on

average, the centralized firm will have a much greater cost than in an easier environment.

The tension between performance and cost from centralization introduces an important

tradeoff: on one hand, as we saw above in section 5, the centralized organization tends to

have better performance as we increase the complexity and instability. However, we see

that with the cost functions, decentralization will have a long run cost advantage. Which

type of organization is best suited for each environment, will, of course, depend on the cost

parameters, and the firm’s structure. We investigate this below by looking at average “net

10Note that we don’t have managers and/or CEO’s simply add the payoffs of the searchers’ choices, but
rather they evaluate the project proposals passed up to them. The reason for this is that when K > 0, the
payoffs from joining subproposals will not equal the sum of the payoffs of the subproposals.
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profit” versus different organizational structures in different environments.

7 Costs and Performance

The aim of this section is to compare different organizations to see which ones have the

highest average net profits. In addition, we look at all organization types on the same

graph to get a better sense of the relative performance of these organizations. To compare

organizations we look at the total number of agents in each organization. For the d = 1 case,

the number of agents equals b + 1; while for the d = 2 case, the number of agents equals

b2 + b+ 1.11

7.1 No Cost

In the no-cost case we can simply look at average performance versus size for the five different

organization types (d = 1, a = 1, a = 0; d = 2, a = 0, a = 1, a = 2). Figure 5 shows the

results of this.

In the easy environment (upper left), all the firms’ performances are relatively close,

though the medium-size centralized firms seem to have a slight edge. The reason is that in

a simple environment, as shown in Figure 3, centralized firms have the best long run perfor-

mance due to their having the right balance between search distance and lack of granularity.

Size does not appear to add an advantage since in a relatively easy environment, all firms

achieve a good position relatively quickly.

The graphs on the right (unstable environments) show that the centralized and large

organizations have a clear edge. This is because increasing the size increases the number

of proposals that CEOs view and the CEO can take advantage of centralization, which is

necessary due to the difficulty of the environment.

11Average performance is determined by taking 1
500

P500
i=1 πt − (ACt +DCt) for each organization. Note

that πt, ACt, DCt are average performance and costs over 20 runs (to smooth out per-run fluctuations).
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Figure 5: Average performance versus size for different organizations with no IP costs.

7.2 Low Costs

By imposing costs (i.e., c1, c2 > 0), we penalize firms with large b in the centralized case,

though large b can be an advantage in the decentralized cases. In figure 6, we show the

results when we impose a “small” cost for processing information. Based on this we can

see that decentralized organizations improve their relative status. In the easy case (upper

left) the decentralized firms seem to have a relative edge vis a vis the no-cost case. In the

no-cost cases, large firms seem to be favored. However, when we impose a cost, this result

is not always true. In the s − u case (upper right), for example, large decentralized and

medium decentralized organizations perform best, while in the c− s case (lower left), there

are several types of organizations that perform equally as well: small decentralized, medium

centralized and medium size with medium decentralization. In the c− u case (lower right),

large centralized firms are still the most profitable. This is because the small cost imposed

does not exceed the benefits to centralization, which are relatively large with a difficult

environment.
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Figure 6: Average performance versus size for different organizations with small IP costs
(c1 = 0.001, c2 = 0.0001).
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7.3 High Costs

In Figure 7, we can see what types of organizations have the highest net profit when we

apply a higher cost to information processing. In these cases we see an even further rel-

ative advantage given to decentralized organizations. In the easy case (upper left) we see
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Figure 7: Average performance versus size for different organizations with large IP costs
(c1 = 0.01, c2 = 0.001).

that larger decentralized organizations perform the best. In effect, the small advantage to

centralization becomes “too expensive.” A similar effect holds for the simple-uncertain case

(upper right), where having more agents speeds up IP and decision making. However, in the

most difficult environment, the small decentralized firms are best. This occurs because the

smaller the firm the more “holistic” is its search (i.e., lower granularity). Thus complexity

in general requires a relatively small firm size for good performance.
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8 Conclusion

In conclusion, we would like to discuss our results within a broader perspective and provide

a sense of possible future work. First, our results show that there can be a tension between

the speed with which an organization is able to adapt and the ability to have a holistic

perspective. In this paper these ideas play out in terms of the ability of decentralized

organizations to search at large distances from its current location on the landscape, but at

a certain search-related opportunity cost: in order for the firm to search a great distance the

firm had to forgo having a large scope in its decision making. If the firm grants too much

authority to its ground-level workers it cannot also ensure coordination of those workers with

each other.

This tension plays out in different ways depending on the environment in which the

organization operates. We saw that in simple and stable environments it did not matter

to a large degree how the firm was organized, all firms performed at similar levels. But as

the environment becomes more complex the firm needs to centralize its decision making in

order to account for the interconnectedness of its projects. In addition, we investigated the

role that firm size played in performance. Increasing uncertainty favors larger, centralized

organization, while increasing complexity appears to be “size neutral.” As the environment

becomes increasingly rewired having more agents confers a speed advantage upon the firm

since more agents means more information available for the manager to make decisions.

We also saw a tradeoff on the cost side. We saw that the cost of centralization had

largely to do with the number of decisions and evaluations that the organization made over

time. Of course the number of decisions and evaluations is partly a function of how well the

organization is performing. If the organization has reached a satisfactory level of performance

where new proposals are unlikely to beat the status quo then centralization tends to have

very low costs.

On the other hand, centralization can be very expensive in terms of decision making
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and evaluation if the firm is finding new proposals frequently. There are two points to

be made here: First, if the organization’s level of performance is poor there will be many

new proposals that can improve performance. Second, evaluating all of these proposals

and deciding between them is costly in a centralized environment. Thus the results from

the present paper can lead one to believe that there may be relationships between firm

performance and the optimal level of centralization of the firm. Essentially, if the firm

is performing poorly, perhaps it is best to allow the lower levels of the firm to make the

decisions in order to attempt to find something that allows better performance. On the

other hand, if the organization is already performing at a high level, the organization will

have minimal costs from centralization because the lower level agents will not be finding

many new performance improving solutions. And the ones that are found may be likely to

conflict with the current state of the firm (if the environment is complex).

If we think about the above comments in a dynamic context they lead to some interesting

ideas for future research involving the dynamic adaptation of firm structure. Presumably

when an organization (or an industry is young) the organizations will not be performing at

a high level. Thus a decentralized approach may benefit the firm. But over time, the firm

should improve and move into a realm where it may want to slowly move toward a more

centralized structure.

Further, if one considers the search process of the organization, if a firm is searching for

its initial performance enhancing projects it most likely prefers a large search distance. The

organization wants to try many new ideas to see which ones are potentially performance

enhancing. But once the firm finds a sufficient level of performance it probably wants to

search locally for other opportunities near the current location. One can think of this in terms

of the research on exploration versus exploitation (March, 2001). The decentralized structure

may allow an organization to explore a wide search area initially but then eventually settle

down into a more refined and intricate local search that begins to take account of the various
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intranalities in the local environment. One can think of this second stage in somewhat

the same context as exploiting the local area near the current solution. Further, these

thoughts also resemble the process of simulated annealing (Kirkpatrick et al., 1983) in that

the organization would begin with a large search distance associated with decentralization,

but “cool” that search distance over time by moving toward centralization. Future work will

explore the dynamic adaptation of firms structures in a context similar to that employed in

this paper.
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