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ABSTRACT
The design of complex engineered systems is challenging,

especially in early design stages due to the complex emergent
behavior that often results in unforeseen failures. Emergent be-
havior is a distinctive aspect of systems in which the exhibited
behavior of the system is more complex than the behavior of the
individual components that shape the system. Understanding the
emergent behavior is critical to perform an accurate assessment
of the designed system. The objective of this paper is to explore
the different existing concepts, methods, and approaches used
by researchers to understand and manage emergent behavior in
complex systems. We provide a critical review of the emergence
concept to discern what characteristics about the causal process
it reflects, so it can be used or implemented in further research in
complex engineered systems. Specifically, this research explores
the current state of-the-art on emergence, and identifies possible
gaps in the research literature. We present different approaches
used by engineers to deal with emergent behavior in different re-
search areas such as Multiagent Systems (MAS), System of Sys-
tems (SOS), and Emergence Engineering.

∗Address all correspondence to this author.

1 INTRODUCTION
Engineers implement different techniques to deal with the

intrinsic complexity when faced with the challenge of designing
complex engineered systems. The three most common ones are
modularity, abstraction, and hierarchy [1]. These approaches
incorrectly assume that a complex system can be designed or
replicated by the sum of its individual parts. As a result, these
methods are not able to accurately model all the interactions be-
tween subsystems and components. All these methods try to re-
duce the complexity of the system by decomposing the system
into manageable functions or components (reductionism). The
problem with complex engineered systems is that the different
parts are interdependent; so modifications or changes in one sub-
system will affect other parts, systems and functions of the sys-
tem. The resulting unanticipated effect can result in failures in
the system. In these scenarios engineers have to work with the
inherent complexity of these new systems. The complexity can
be reviewed in terms of multiple feedback loops among portions
of the system [2], and in terms of emergent collective behaviors
of the system as a whole [3].

Reductionism is a methodology that tries to analyze the
whole system as a decomposition of its parts. Scientists have
had outstanding success with reductionism. Molecular biology is
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a good example of the concept of reductionism. From a protein,
it is possible to determine its precise three-dimensional structure
atom by atom using tools such as X-ray diffraction [4]. However,
this approach follows the opposite direction from which the sys-
tem arises, by starting the analysis from the whole and moving
down into the individual parts [5]. The problem is that repli-
cating the system following the direction from which the sys-
tem arises is impossible. In the example above, even if biolo-
gists know all of the necessary information about the elements
of the protein structure and their interactions, they cannot de-
sign the specific desired structure. There are simply too many
possible protein structure configurations, making the calculation
transcomputable [4].

The approach of generating the properties of the system
from the complete understanding of the parts is called Emer-
gence. Emergence is considered to be the opposite of reduction-
ism. The Nobel laureate Laughlin (2006) holds that we are now
leaving the Age of Reductionism and entering the Age of Emer-
gence [6]. This seems to be a promising concept as an approach,
but one that is at risk of been misused. The purpose of this pa-
per is to take the concept of emergence apart and to attempt to
identify or separate the characteristics behind emergence. If the
concept of emergence is formalized, it can be used to understand
and manage emergence during the design of complex engineered
systems.

The remainder of this paper is divided into several sections,
organized as follows. Section 2 first introduces the topics of
complexity science, followed by a review of the major schools
of thought in complexity science. Next, the concept of emer-
gence is described. Section 3 presents the incorrect applications
of the concept of emergence, providing a perspective of the folk-
lore around and the erroneous definition of emergence. Section 4
introduces complex engineered systems and presents research on
the implementation of emergence towards problem solving and
engineering. The section specifically focuses on a multiagent
coordination approach (MAS) to model emergence in complex
systems. We also highlight the aprocahes of Emergence Engi-
neering and Emergence in System of Systems (SoS). Section 5
discusses the use of emergence for the design of complex engi-
neered systems and open research perspectives. Finally, Section
6 presents preliminary thoughts and conclusions regarding the
concept of emergence in systems engineering. It also presents
potential future paths for continuing this research.

2 BACKGROUND

In the following, we first discuss complexity science and its
nexus with emergence. Next, we follow with a short introduction
to the major schools of thought in complexity science. Finally,
the concept of emergence/emergent in sciences is introduced.

2.1 Complexity Science
Complexity Science is the scientific study of systems with

different interconnected parts that show a global behavior not
replicable with the interactions between the individual parts [7].
The objective of this science is to understand the process by
which complex interactions can achieve order [8]. One impor-
tant characteristic of complex systems that has been under study
in recent years is emergence. The concept of emergence in com-
plex systems is used to categorize the rise of new properties out
of the interactions taking place inside the system within its parts
and the environment [9]. Traditionally, models of systems were
equilibrium seeking. For that reason researchers were not able
to exploit the true potential of innovation or adaptability of the
system. The use of emergence to model complex systems is a
new area of research with high expectations to understand and
highlight how innovation can happen [10]. Some attributes from
the study of complex systems need to be presented. First, pro-
cesses that appear to be random may be chaotic based on iden-
tifiable attractors. Second, emergent patterns can arise from the
interactions of agents. Third, complex systems may display self-
organization behavior. Finally, systems with random initial con-
ditions can achieve order and organize the system [11]. Even
though emergent phenomena cover a wide range of different dis-
ciplines, several typologies have been proposed for their com-
mon characteristics, these include: radically novel macro-level
entities and properties with respect to a micro-level substrate, os-
tensiveness in the sense of unpredictability and non-deducibility,
integrated coordination characterizing the macro-level, and dy-
namical in the sense of transformation over time [12].

2.2 Major schools of thought in complexity science

2.2.1 Self-organizing systems Self-organizing sys-
tems theory attempts to understand the emergent order out of in-
teractions between entities [13]. Self-organization is a naturally
emergent process of organization observed in dissipative systems
that are subject to energizing forces. The interaction between au-
tonomous entities caused by an energy differential results in a
high-level order [14]. The order of organization may develop in
any form and can be the result of a learning process by the sys-
tem agents. Researchers aim to understand how the entities of
the system seem to adapt to the outcomes of their prior interac-
tions. The order takes place in the zone of instability far from
equilibrium [15].

2.2.2 Deterministic chaos Deterministic chaos is a
mathematical approach used to understand the evolution of dis-
sipative nonlinear dynamic systems characterized by a low di-
mensionality [16]. This approach is not concerned with the com-
ponents, instead highlights concepts such as sensitivity to ini-
tial conditions, process bifurcation, attractors, and irreversibil-
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ity [17]. In this type of system, complex networks are created
as a result of unpredictable interactions between simple relation-
ships. The bifurcation from stability to chaos appears when the
pairing forces of instability and stability increase. The random
nature of the pairing forces makes it impossible to predict the
final state of the system. During the chaotic state behavior is en-
closed within a peculiarly shaped frontier also known as strange
attractor [18]. Even though behavior of the attractor is determin-
istically driven prediction is impossible.

2.2.3 Complex adaptive systems Complex adap-
tive systems try to understand how simplicity emerges from
complex interactions [19]. In this type of systems, simplic-
ity arises from the collective behavior of independent adaptive
agents guided by a set of rules; the result is an emergent order
in the system [20]. The internal dynamic between the agents and
random events within the environment creates different orders by
following various paths. In this type of systems it is important to
understand the nature of the emergent order and the role of cau-
sation and chance. The emergent order is not programmed; it is
built with the deterministic rules of the agents and the alternative
combinations created by chance.

2.3 Definition of emergence
Before any further discussion, it is necessary to define what

emergence is. The word emergence is synonymous to/with ma-
terialize, rise and development among others. It denotes the im-
age of something coming out of the hiding, something coming
into the view that is surprising, something unique without prece-
dent. The term is used to describe spontaneous phonemes [5].
However, the definition is too vague for any technical purposes,
because of its generality and partially specified meaning.

In science, the term ‘emergent’ (and ‘emergence’) was first
used in 1875 by the philosopher Lewes when discussing the
change in nature causality [21]:

“... Although each effect is the resultant of its compo-
nents, we cannot always trace the steps of the process,
so as to see in the product the mode of operation of each
factor. In the latter case, I propose to call the effect an
emergent. It arises out of the combined agencies, but in
form which does not display the agent in action.”

Lewes’ definition influenced the movement known as Emer-
gent Evolutionism, where the idea of emergence was proposed
as a correction and supplement to an overly mechanistic and in-
crementalist view of evolution in Darwin theory. Between 1940
and 1975 the concept of emergent evolutionism was influential
in the philosophy of science, theoretical biology and the nascent
field of neuroscience [22]. Emergence deals with the appear-
ance of unique features, unpredictable, and not derivable from its

components. Hence, emergence is seen as a key component in
understanding innovation within complex systems. Both emer-
gence and innovation provide functionalities to a complex sys-
tem, equipping the system with a unique set of potential proce-
dures and actions.

3 FOLKLORE AROUND EMERGENCE
Although the idea of emergence offers conceptual benefits, it

doesn’t come without vague and elusive misconceptions involv-
ing ‘folklore’ which has grown around the idea. The concept of
emergence probably has obtained an unpopular context when it
has been used in a primarily negative context; specifically when
it was used to mark something missing in reductionistic expla-
nations. In this context, the concept of emergence is a place-
marker intended to show points where reductionist methods fail
to completely explain apparent discontinuities in properties of a
particular level [5].

Folklore is used to indicate those associations of emergence
which are derived from misinterpretations of research findings.
To effectively apply the concept of emergence in systems engi-
neering, the folklore concepts must be addressed.

3.1 Folklore 1: Complexity arises suddenly from sim-
plicity

The first misconception is the claim that complexity is an
emergent phenomenon that arises directly and spontaneously out
of simple random dynamics. This incorrect interpretation was
conceived in the early chaos theory [14]. Chaos was shown
mathematically to emerge out of deceptively simple mathemati-
cal operations. Just because the result is unique with respect to
its predecessor’s parts, it does not mean there are not places for
intermediate processes by which the uniqueness develops. Chaos
theory validates their results using complex, iterative, and recur-
sive mathematical operations. Emergence is the result spawned
from one pattern to another, not from homogeneity into a pat-
tern [23].

3.2 Folklore 2: Order for free
The second misconception is Kauffman’s (1996) concept of

“order for free” regarding the studies of self-organization. The
concept of self-organization is used to describe processes where
order or coordination appears as a result of local interactions of
small parts, which were initially disordered in the system [24,
25].

When studying “order for free” people tend to neglect the
crucial function of constraints and constructional operations in-
volved in emergence. Holding the assumption that emergent or-
der is for free not only has the unfortunate effect of overlooking
very important determining conditions of emergent order, but it
also neglects the fact that emerging order may not be beneficial
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at all. For example, cancer cells are emergent and yet it is clear
they are not beneficial for the host.

3.3 Folklore 3: The ‘edge of chaos’
The third misconception is the “edge of chaos” regarding

the studies of computer science. Artificial life researchers Lang-
ton (1990) and Packard (1984) claimed that the emergent phe-
nomena of their simulations have happened on a special verge of
complex systems which they called the “edge of chaos”. Lang-
ton proposed that the complexity of the system would rise as
the system moves towards a region, where emergence is more
likely [26, 27]. This concept was taken from a centerpiece of
theory of evolution by Kauffman (1995):

“on many fronts, life evolves toward a regime that is
poised between order and chaos... It is a very attrac-
tive hypothesis that natural selection achieves genetic
regulatory networks that lie near the edge of chaos life
exists at the edge of chaos the best exploration of an
evolutionary space occurs at a kind of phase transition
between order and disorder as if by an invisible hand,
the system may tune itself to the poised edge of chaos
(pp 25-28)”.

Kauffman maintained that biological organisms tend to
evolve to such a state because of their adaptive potential [28].
Later research performed by Mitchell et al. (1999), and Hanson
(1997), replicated the work of Langton and Packard and found
the opposite results. The emergent phenomenon was more likely
to take place in the dynamical regions characterized as ‘chaotic’
rather than at the edge of chaos [29,30]. Kauffman has extended
the scope of his edge of chaos concept to suggest some kind of
criticalization in general. However, studies of self-organization
completed by Bak (1996) found no evidence to support Kauff-
man’s theory [31].

3.4 Folklore 4: Emergence only takes place through
self-organization

The fourth misconception is the claim that “emergence only
takes place through self-organization”. The association between
the concepts of emergence and self-organization goes back to
the school of Haken, which claims the emergence of new order
takes place adjacent to a self-organization process [32]. In this
model of emergence, “self-organization” implies properties such
as spontaneous, unplanned, innate, and leaderless. This model
matches the interpretation of emergence by Chiles et al. (2014),
where emergence is guided by a “self-organized logic” neither
planned, controlled, nor created through human design [33].

However, when we study how emergent order takes place at
different instances, the result shows that a lot more than self-
organization is a prerequisite. The self-organization process

tends to neglect structuring operations. A wider concept of emer-
gence should include the different constructional operations in-
volved in the emergence of new order.

Neo-emergentist Anderson (1972) presented the “Construc-
tionist Hypothesis”, which proposes that even if it may be possi-
ble to reduce nature, to simple, fundamental laws, this does not
mean we have the ability for re-constructing the universe from
these simple laws [34]. Each new level of complexity involves
the emergence of entirely new properties and laws that are not
presented at lower levels. Each new level would exhibit the con-
struction of new structures with different properties transcending
characteristics and dynamics of the lower level.

3.5 Conceptual deception in utilizing the idea of
emergence

Besides the folklore surrounding the idea of emergence,
there are also varied conceptual snares involved with issues in
the philosophy of science [35–37] which need to be addressed
so that the idea of emergence can be used in complex systems
research.

One problem concerns the role of emergence in scientific
explanations. Scientists are interested in emergence when the
dynamics of a complex system need to be understood as a whole
(macro-level) instead of the individual constituents of the system
(micro-level). This interest arises when the macro-level appears
intractable to reduction, deduction, or prediction from the micro-
level. Here emergence does not explain the system dynamics as it
provides a pointer to where explanations are needed [38]. Emer-
gence serves as an indexical marker pointing the research agenda
to the dynamics of the emergent level as well as those operations
having a possible effect on the properties observed at the emer-
gent level. This implies that emergence used in an explanatory
approach requires both emergentist and reductionist inquiry [37].
However, the contrast between emergentist and reductionistic ex-
planations causes the misleading claim that the idea of emer-
gence does not explain how emergent order arises [39].

A second issue arises when discussing the ontological sta-
tus of the entities, patterns, and properties of the emergent level.
This is related to the claim that the emergentist status of the
higher level is merely provisional, only effective until the arrival
of a more accurate micro-level explanation. Emergent patterns
detected by scientists are often assumed to be there past assump-
tions in the statistics used in detection [9]. To correct this mis-
conception, Crutchfield (1994) proposes defining emergence ac-
cording to its “intrinsic computational capacity”. Therefore, it
is necessary to pay attention to how many preconceived assump-
tions are entering in the recognition of emergent phenomena.

Another issue involves the nature of the coherence observed
in emergent phenomena. For example, the coherence of “dissi-
pative structures” is described as an across-system organization
that overcomes local-level forces [32]. It is arguable whether
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such a strict definition can be applied for organized collectivi-
ties or emergent networks. In emergent networks, heterogeneous
elements express their individual differences, while at the same
time working towards a unified goal [40]. One more conceptual
snare manifests when it comes to the notion of novel emergent
level. An emergent level in a complex system consists of entities
and their relationships that correspond more strongly with one
another on the same level than they do with other units and rela-
tions on other levels [37]. Despite being often consolidated, an
emergent level is different than the notion of scale per se [41].
This distinction is necessary to contemplate scaling dynamics in
complex systems [42]. Instead of being self-similar to levels at
different scales, emergent levels can include a type of scale vari-
ance also referred to as self-dissimilarity [43].

Emergent levels are created by wide interactions with other
levels, making it difficult to identify an entity on a particular level
[37, 44]. Therefore, the best explanatory outcome is a result of
the exchange between the levels of parts and that of organizations
[45]. This is why in the study of complex systems it is easy
to get confused during the analyses. It can be chaotic trying to
understand what is happening on what level.

Finally, emergence has been thought to disrupt causality.
The issue has to do with the implied unpredictability usually as-
sociated with a characteristic of the emergent phenomena. Emer-
gence can embody randomness into building a new emergent
level. This is how the unpredictability notion is associated with
emergence. A system may develop different structures or pro-
cesses when random occurrences arise due to the environment
and affect the initial conditions of the system [46, 47]. More-
over, the self-organization process cannot be predicted because
it is spontaneous and it cannot be guided or conditioned. How-
ever, there are limitations on how unpredictable emergence is
[28]. Predictability has been shown in emergent systems such
as Bernard convection cells [48], and computational emergence
such as the Game of life [49]. In these examples emergent pat-
terns can be used to predict the later emergence of other patterns.
As more information is arranged into typologies and taxonomies,
repetitive patterns would be detected and thereby the predictabil-
ity.

4 COMPLEX ENGINEERED SYSTEMS AND EMER-
GENCE

4.1 Complex Engineered Systems
The classical engineering process seeks to design systems

that are capable of completing a specific objective following a
desired behavior. These types of systems must have character-
istics such as stability, predictability, reliability and controllabil-
ity. Under the classical engineering design process, systems lack
the ability to adapt or evolve after the system is complete [50].
The objective of a good design is seen as the elimination of the

unknown, not as the consideration of the unpredictable and un-
known [50]. The classical engineering process using reduction-
ism seeks optimality as the ultimate goal. Since complexity often
complicates the search of optimality, there is a tendency to con-
trol or limit complexity instead of embracing it. This approach
has worked so far, but is becoming flawed as engineering ex-
pands its scope to systems that are inherently complex.

Complex engineered systems differ from standard engi-
neered systems because they do not seek predictable or stable be-
haviors. The goal is to create adaptable systems that are capable
of change in response of the unexpected [1, 51]. The challenge
for a systems engineer is designing the required configuration of
local interactions that may lead to novel global behavior, and at
the same time explicitly taking into account unforeseen changes
in behavior. To this point, we only understand complex adaptive
systems in nature, and social structures naturally developing in
our society [50]. Systems engineers have just started studying
how to intentionally construct complex systems [52].

The inherent complexity of modern large engineering
projects makes it difficult to solve them. As complexity in-
creases, it is more likely that unanticipated effects will result to
failures of the systems. Engineers and managers have developed
different approaches to manage complexity. These techniques in-
clude: modularity, abstraction, hierarchy and layering [1]. Mod-
ularity is an approach that decomposes a large system into small
parts that can be design and modified individually. Abstraction
is an approach that simplifies the description of objectives and
specifications of the system to group of specific subsystems. Fi-
nally, Hierarchy divide the design of the system through specific
objectives or through attributes of the components.

The traditional methodology used by engineers to solve dif-
ficult problems consists of decomposing the system into man-
ageable functions or components (reductionism). This method
relies on the prior knowledge of the problem domain. However,
in complex systems the domains are dynamic, and this approach
becomes difficult to apply. It is necessary to implement an adap-
tive methodology to deal with these types of dynamic domains.
Nature seems to have solved this problem through emergence of
collective behaviors self-organizing from the interaction of en-
tities between themselves, and with the environment [53]. The
challenge resides on how to properly use or adapt the concept of
emergence to solve systems engineering problems.

4.2 Emergence in Multiagent Systems (MAS)
There has been some work in using the concept of multia-

gent systems to address emergence. Brooks (1995) proposes a
new methodology which consists of building a society of agents,
engaged within an environment, where their interactions will
evolve to a stable state. This stable state will represent the so-
lution for the system. In this method, the programmer is respon-
sible for coding the agents, environment and their interactions.
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However, the self-organization of the systems and the solution
of the systems appear while the code is being executed. In these
terms, this methodology uses an emergentist approach. This mul-
tiagent system approach of emergence for problem solving has
gained interest especially in the artificial intelligence and multi-
agent communities [54–57].

The main characteristic of a multiagent system (MAS) is that
no single agent controls the dynamics of the population. The
agents interact locally modifying the environment. The agents
interact with the environment, acting locally and interpreting it
with some limitations. The agents are unaware of the differences
in the global system. The dynamics of the system develops by
iteration of interpretation in the local environment by the agents,
actions of the agents in this environment, new interpretations of
the modified environment, etc. [53]. When this dynamic is cre-
ated, emergence of a function can be found.

S. Forrest derived an emergence definition for MAS by char-
acterizing the whole and the parts, and the feedback between
whole and parts [58].

“A phenomenon is emergent if and only if we have:

• A system of entities in interaction whose expres-
sion of the states and dynamics is made in an on-
tology or theory D.

• The production of a phenomenon, which could be
a process, a stable state, or an invariant, which is
necessarily global regarding the systems entities.

• The interpretation of this global phenomenon ei-
ther by an observer or by the entities themselves
via an inscription mechanism in another ontology
or theory D’.

The non-linearity of the interactions guarantees the ir-
reducibility of D’ to D [53, 58]”.

This explanation puts an emphasis on the observer of the
global phenomenon. When emergence only exists for an exter-
nal observer it is referred to as weak emergence. An example is a
path generated by ants between their nest and food. Ants are not
aware of the complex system; the outside observers are the ones
noticing the emergent system. On the other hand, when the ob-
server is part of the system it is referred to as strong emergence.
In this scenario the global phenomenon interacts directly with
the entities. For example, different institutions constraining the
individuals’ behavior define the collective behaviors of human
societies.

Researchers categorize three types of design approaches us-
ing multiagent systems:

• Agent-oriented approaches, which focus on the individual
agents and their specific behavior. This approach introduces
communication rules between the agents [59].

• Organizational approaches, which focus on the specifica-
tion of interactions inside the system. The specification is
achieved by the implementation of roles, relations between
roles, groups and networks [60].

• Emergentist approach, which makes a clear differentiation
between the micro-level interactions between agents from
the macro-level where the desired global phenomena have
been produced [53].

Müller (2003) proposes a methodology that combines the
tree design approaches by using their complementary character-
istics. The agent oriented approach defines the interacting parts;
the organizational approach establishes the objective at a macro-
level; and finally the emergentist approach maintains the inter-
action and articulation of the parts on the macro/micro-levels.
Combining the two approaches Müller was able to tie organiza-
tional structures at the global level with the interactions at the
local level [53].

To apply the Müller MAS methodology to a specific system
it is necessary to describe the global phenomenon to the multi-
agent system. In other words, it is necesarry to project the de-
sired global phenomenon to the agents at a micro-level. This
will facilitate the identities/roles play by all the agents and their
dynamics/interactions. It is required to define the agents’ indi-
vidual behaviors that will produce the interactions responsible
for generating the global phenomenon desired. The system so-
lution emerges from the interactions of the agents and their level
of constraints. These interactions permit the multiagent system
to spontaneously react to any modification while searching for a
solution. The multiagent system will obtain a solution when the
system dynamics reach a stable state. The problem with this ap-
proach resides on the observability. The multiagent system may
not know that a solution has been found.

Kubı́k (2003) proposes a language-theoretic approach with
multiagent systems to study the emergence phenomena. In this
model, Kubı́k implements a grammar system to model a multia-
gent system. Grammar systems are discrete computational mod-
els that use symbolic tools composed of a set of elements called
grammars that operate together in an environment to rewrite a
new set of symbols [61]. In grammar models the user defines
the alphabet and the rewriting rules as the microstructures of the
system. Rewriting rules are used to describe the actions of re-
active agents [20]. Every agent is modeled as a set of ‘rewriting
rules’. The resulting language (emergent behavior) is modeled as
the result of the rewriting derivations which lead directly to ob-
servable macro-patterns of the systems [62]. The model makes
a clear distinction between agents and environmental symbols,
and using the superimposition of languages Kubı́k is able to dif-
ferentiate phenomena that are not emergent. However, Kubı́k’s
definition of emergence categorizes emergent phenomena exclu-
sively as agent interactions in the environment. No evolutionary
process is included, and changes in the environment do not affect
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the behavior of the agents [61].

4.3 Emergence Engineering
Biological systems display emergent properties such as ro-

bustness, adaptability, and fault tolerance, which are properties
that engineers want to apply to engineered systems. However,
engineers, while designing complex engineered systems, are not
capable of making the systems display such emergent properties.
If engineers want to make systems that are able to display these
set of properties it is necessary to learn how to engineer emer-
gence. One important characteristic Emergent systems exhibit is
language. Note that, we are not referring to a specific description
language, but rather to a common set of concepts that are needed
to describe the desired properties of the specifications [63].

When describing complex systems, low-level components
use a low-level language (L) to describe the interactions and be-
haviors of components; the high-level global system behavior is
expressed in a high-level language (H). The system displays
emergent behavior if there is a discontinuity between the lan-
guages [63, 64]. For example, a single bird in a flock might be
described as flying towards a locally perceived point; while the
global behavior of the flock might be described as the velocity
and size of the entire flock.

Stepney [65] and Abbot [66] are among the researchers who
want to use some characteristics and concepts of emergence to
apply them in the design engineering terminology. Concepts
such as hierarchical levels, length, and timescales, attractors, lan-
guages, etc, could provide engineers with the knowledge to deal
with some unpredictable systems [65]. Abbot describes emer-
gent properties in engineering design terms; the abstract design
is the emergent high-level behavior, or, the desired functional-
ity of the entire system, and the implementation of that specific
design is the lower-level behavior, or, the functionality of the in-
dividual parts/subsystems [66].

Work by Abbott [66] explores what is necessary for enabling
multiple levels of emergence in complex engineered systems. In
these types of systems, every time a new system is implemented
it should be constructed so that it becomes part of the environ-
ment, and it should be designed as infrastructure services and not
just as bits of functionality [66]. These new systems will be part
of improved environments, which will allow the deployment of
further complex emergent systems. This approach can not only
help create new systems by exploiting pre-existing systems, but
also enable the use that infrastructure in ways unanticipated by
its designers. This could result in interesting positive effects for
safety and dependability.

Work by Stepney [65] aims to engineer emergence by
proposing a system architecture built upon a technique called
Refinement. The refinement is a rigorous mathematical pro-
cedure for moving from abstract specifications to concrete de-
signs [63, 67]. Refinement approach establishes a strong rela-

tionship between the concrete description (low-level) and the ab-
stract specification (the high-level objective), associating them
using a seires of steps to retrieve a possible relation between the
levels. [65]. The system architecture takes into account linguistic
discontinuities and variations of abstraction levels among the ele-
ments of such systems. The goal is to translate a high-level multi-
layer design into an equivalent simple low-level implementation.
This low-level design will exhibit the emergent behavior using
the local rules revealing the design properties via upward causa-
tion [65]. The proposed architecture consists of the 3 elements
(Figure 1): The high-level system or Systems of Systems (SoS)
model, the local component model, and the integrated model of
the implementation that combines the local elements allowing
the emerging of the desired system [63]. The models are con-
nected by an integration environment, which works as a frame of
reference that is accessible for the high-level language (H) and
the low-level language (L). Within the designed environment,
each model is connected to suitable models that are expressed
using the language of the environment [65].

INTEGRATION
ENVIRONMENT

INTEGRATED
MODEL

ENVIRONMENT
LANGUAGE, E

LOCAL SYSTEM
MODEL(S)

LOCAL MODEL(S) for
ENVIRONMENT

LOCAL SYSTEM
LANGUAGE, L

SoS LANGUAGE, H

SoS
MODEL

SoS MODEL
for ENVIRONMENT

Figure 1. The engineering architecture for
emergent SoS

generic requirements of nanoscale SoS. From characteris-
tics of military SoS [4], aspects in common with nanotech
SoS include: multiple, heterogeneous, mobile components,
each of which is a system in its own right; ad hoc commu-
nication; potential for autonomy. Aspects of military SoS
such as intent and local goals need further consideration.

An important contribution to the engineering of emer-
gence is the identification of architectural elements of the
system. We propose a three-element architecture (figure 1),
comprising: the high-level system, or SoS, model; the local
component (here nanite) model; the integrated model of the
implementation, combining the local elements such that the
desired system emerges [34]. These models are linked by an
integration environment, a frame of reference that is acces-
sible to both the L and H languages. Once the environment
is known (or designed), the local and high-level models are
mapped to suitable models expressed in the language of this
environment (the hexagonal boxes in figure 1).

To illustrate the use of this architecture, we show how it
is populated for four examples: (i) GoL gliders, (ii) TUNA
CA platelet simulation, (iii) TUNA mobile process platelet
simulation, (iv) nanite platelet system.

GoL gliders [34, 35]. The system is a collection of glid-
ers moving and interacting. Each local component is a cell
with a state; the state changes according to the GoL CA
rules, which refer to the states of neighbourhood cells. The
integration environment is a regular rectangular grid, defin-
ing the cells’ positions. The system mapped to the envi-
ronment comprises gliders moving relative to the grid loca-
tions. The components in the environment are sited on the
grid and have their neighbourhood defined by adjacency on
the grid. The integrated model is a grid of coloured, chang-
ing sites that exhibits glider patterns. (In [34], we addi-
tionally consider initialisation and detection of emergence.

These are open questions, requiring further research.)

TUNA CA platelet simulation [35, 40, 47, 48]. The
system is a collection of platelets moving and clotting. Each
local component is a site with a state (states modelling the
presence or absence of a platelet), changing according to
the CSP CA-like rules, given inputs signalled along com-
munication channels. The environment is a regular array of
sites linked by communication channels, defining the sites’
positions and communication links. The system mapped to
the environment comprises platelets and clots moving rela-
tive to the array locations. The components in the environ-
ment are sited on the array and have their neighbourhood
and communications defined by the array structure. The in-
tegrated model is an array of coloured, changing sites that
exhibits moving platelet and clotting patterns.

TUNA mobile process platelet simulation [35, 44].
(Modelling movement with CA rules is complicated. In
TUNA, we also use a higher-level modelling technique
based on mobile processes.) The system is a collection of
platelets moving and clotting. Each local component is a
process modelling a platelet, changing according to local
rules given inputs signalled along communication channels.
The environment is a regular array of sites linked by com-
munication channels, modelling the processes’ physical lo-
cations. The system mapped to the environment comprises
platelets and clots moving relative to the array locations.
The components in the environment are linked to the array
and have their neighbourhood and communications defined
by the array structure. The integrated model is an array of
mobile platelet processes that exhibit clotting patterns. (In
[43, 45], we exploit the mapping for rule migration: mov-
ing from a mobile process model to a CA model by chang-
ing the local and environmental models whilst keeping fixed
the system model.)

Nanite platelet system. The system is a collection of
platelets moving and clotting. Each local component is
a nanite platelet, changing according to local rules given
inputs signalled through its sensors. The environment is
the physical environment of the blood vessel, providing the
nanites’ physical locations, movement, and inputs. The
system mapped to the environment comprises platelets and
clots in the blood vessel. The components in the environ-
ment are situated in the blood vessel, and provided with in-
puts from the physical environment via their sensors. The
integrated model is an array of mobile platelets that exhibit
clotting behaviour.

The integration environment in the mobile process model
simulates the physical environment of real nanites, provid-
ing location and input information. The nanite system ex-
ploits the given physical environment, which does not need
to be implemented.
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FIGURE 1. The engineering architecture for emergent SoS [65]

4.4 Emergence in System of Systems
Conventional systems engineering approaches have been

sufficient in addressing complex systems problems where tech-
nical aspects dominate the solution space and boundaries are
clearly discernible [68, 69]. However, a recent class of complex
system problems has begun to rise. This new class of systems
is referred to as system of systems (SoS) and has been receiving
increased attention [70].

SoS represents an integration of multiple complex systems
to complete a unique objective or function. These systems are
described by high degrees of complexity, uncertainty, and ambi-
guity, and potentially divergent perspectives [71, 72]. They are
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problematic across domains of technical, human-social, organi-
zational, policy, and political constraints. For example, current
problems in integrated transportation, air traffic, critical infras-
tructure, and homeland security are among a short list of SoS
problems.

SoS is a complex system and as such exhibits emergent be-
havior that is problematic for engineers because it affects the ef-
fectiveness of the solutions [73, 74]. Classical systems theory
defines emergence as a principle that generally suggests that sys-
tem properties (behaviors, patterns, structures, capabilities) de-
velop from interaction of the elements of the system [74]. Fur-
thermore, systems theory points out that these emergent patterns
cannot be completely understood without the comprehension of
the context within which the patterns exist [62]. Thus, with re-
spect to SoS, emergence can be centered on three central ques-
tions related to the philosophical, methodological and axiomatic
predispositions [73].

The first question targets how we take decisions when we
face emergence. In the end, our worldview and philosophical
disposition will influence our response to SoS emergence. This
is the reason why it is important to consider the implications of
using different perspectives while dealing with emergence [75,
76].

The second question targets the methodological considera-
tions necessary to account for emergence in SoS. The method-
ologies undertaken will determine the extent to which emergence
has been considered a factor in approaching the problem do-
main [68, 77].

The third question targets the axiomatic principles that com-
plement a robust perspective of emergence in SoS. An axiomatic
perspective includes the search of concepts, laws, and principles
that are applicable to the SoS domain [73]. If we are able to un-
derstand the several related system principles, the perspective of
emergence can be significantly improved. These principles can
be a tool in developing a complete understanding and apprecia-
tion of the nature and implications of emergence for SoS [78].
More in-depth discussion about these questions and their impli-
cations with SoS can be found in Keating [73], and Boardman &
Sauser [79].

The design of SoS must guarantee a proper integration of the
technical, organizational, human and policy aspects of the system
itself. To deal with emergence the design of SoS needs to suc-
cessfully implement robustness, minimal number of constraints,
communication, and learning [73]. All SoS should be conceived
using robust designs able to support stability while facing the in-
evitable perturbations and emergence patterns and properties of
these types of domains. The system deviations must be moni-
tored and sensed with feedback loops to provide continuous ad-
justment during the SoS deployment and performance. Unlike
risk, emergence cannot be identified, measured, or controlled.
That is why Robustness in SoS is essential.

The effective design of SoS is to achieve the desired objec-

tive while using minimal essential constraints to the SoS con-
stituent subsystems. This is known as minimum critical speci-
fication in systems theory [80]. Overly constrained system lev-
els requirements restrict the agility of the system to compensate
changes in the environment, and obstructs self-organization of
subsystems [73].

Communication channels within and external to the SoS are
important to preserve the performance of the SoS while facing
emergence. The communication framework used in SoS aims to
answer two questions: First, are there sufficient mechanisms to
fulfill the objective of each subsystem, based on the nature of
the SoS? Second, are the individual mechanisms operating effec-
tively? [70, 81].

The learning process in SoS includes the identification of
unexpected events, processing what the results mean for the en-
tire system, and preparing an appropriate response. Three basic
types of learning can be implemented in system theory: single-
loop, double-loop and deuteron learning [82]. Single-loop learn-
ing refers to the capability of detecting and correcting systems
errors through a process of inquiry within the system boundaries.
Double-loop learning refers to the capability of detecting and
correcting systems errors through questioning operating assump-
tions and objectives, which may be causing the error. It questions
the way that the system is performing. Deuteron learning refers
to learning to learn, and results in improving the inquiry process
as a response to familiar circumstances.

5 TOWARDS A UNIFIED MODEL OF EMERGENCE
Emergence is a concept broadly used in the sciences, the

arts, and engineering. Several efforts have been made to formal-
ize a definition, but emergence is used in countless meanings and
contexts, and a unified theory of emergence is still distant. In this
paper we presented different methodologies used to describe, un-
derstand, and implement the emergent behavior inherent in com-
plex systems.

During the first part of this article, we point out the concep-
tual snares when it comes to understanding emergence. In face
of these snares, we recommend that those applying the idea of
emergence be careful and aware of the assumptions underlying
its application as these assumptions would aid or block the anal-
ysis. Emergence is a charged concept and as such can obfuscate
as much as enlighten. It would be unfortunate if carelessness in
using the construct of emergence contaminated future directions
before they were even taken [83]. Our study found that the con-
cept of emergence is treated in an informal and intuitive manner.
Emergence is explained without reference to a theory of emer-
gence [84]. Definitions are either too broad including elements
that are not emergent, or are too rigid overlooking elements that
are in fact emergent. To better study the behavior of complex
systems we ultimately need well defined concepts and vocabu-
lary on topics concerning emergence. So far there has been no
common definition of what emergence is, or how to accurately
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model it. The misuse of definitions can be the cradle of misinter-
pretations and erroneous deductions.

It is also important to consider and understand scientific lim-
itations. There will always be gaps in our understanding of phys-
ical phenomena. Phenomena that cannot be predicted or modeled
may reflect limitations in knowledge or restrictions in computing
power.

Emergence is not only a spontaneous reaction, but also de-
mands the interaction of the process of containing, constraining
and constructional operations of the system. To understand emer-
gent behavior in complex systems, it is necessary to develop a
unified model of emergence where the emergent phenomena can
be studied and designed. The use of models will allow a proper
verification and validation of the information related to the emer-
gent process. The model should help designers to address the
problematic aspects presented in the previous sections. In de-
sign there is always a search of improvements, especially when
understanding the diverse options among all possible combina-
tions to construct a plan. As engineering systems increase in
complexity, systems engineers need to standardize concepts, and
develop models to manage emergence. The research question
then becomes: as system engineers can we anticipate emergent
behaviors? More specifically, can we identify a phenomenon as
emergent in a computable way? Multiagent systems might have
developed a base model able to identify emergence, as discussed
in this paper.

As an example, Müller’s multiagent methodology for prob-
lem solving by emergence depends on his definition of emer-
gence. Unexpectedly, Müller’s MAS methodology is using a
top-down (reductionist) design, while emergence is a result of
bottom-up interactions. To prevent the observability problem
within this methodology, it is necessary to define and implement
a global observer of the system.

As another example, Kubı́k’s grammar model tries to cap-
ture the sum of the agents’ behaviors as the set of overlapped
words the agents generate individually. This model tries to repli-
cate the system from the bottom-up following the emergence di-
rection, with the goal of describing the system behavior on higher
semantic levels. Nevertheless, Kubı́k’s model uses a weak def-
inition of emergence; where no evolutionary process is defined
or considered, and the environment has no effect on changing
the constraints or behavior of the agents in the system. Only the
agents in the system play an active role with the environment. So
even when Kubı́k claims his method can model evolving multia-
gent systems and observe other kinds of emergence, the fact that
his definition of emergence does not consider any evolutionary
process, makes the model inadequate to study or replicate sys-
tems from the bottom-up.

On the other hand, the System of Systems (SoS) field pro-
vides a different approach by defining emergence as the develop-
ment of patterns, structures and properties within a SoS, where
the final behavior cannot be analyzed as a manifestation of the

parts, and cannot predicted. SoS has developed some insights
that can be effective while dealing with emergence. First, deal-
ing with emergence in SoS needs consideration of a wide array
of philosophical, methodological, and axiomatic underpinnings.
They are critical to ensure deployment of robust and more in-
formed responses to emergence. Second, SoS solutions can be
designed in advance with robust solutions capable to respond to
emergent conditions. This would allow the SoS to quickly iden-
tify changes in process and respond adequately to different sce-
narios. Finally, operation of SoS requires that emergence be con-
sidered as an important role of the system. The effectiveness of
the SoS will depend on what the response of the system is while
facing emergent conditions. This response must consider what is
necessary to address short-term and long-term system needs.

6 FUTURE WORK
This paper discussed the importance of formalizing the con-

cept of emergence, and presented several methods that tackle
emergence. Future work needs to be completed to validate their
results, especially with Müller’s multiagent methodology.

Additionally, the theory of emergence allows the study of the
generation of new structures and methodologies. An example of
this approach can be found in social systems. Organizations and
other forms of collaboration environments use emergence as an
initiator of innovation. In social structures emergence is a key
component in analyzing leadership, because it arises through an
integration of bottom-up organizing and the top-down influences
of leadership [85].

Preliminary research attempted to implement a multiagent
coordination approach to improve the collaborative design en-
vironments [86]. This approach can be restructured to identify
emergent behavior inside a complex system following Müller’s
methodology. Future research will explore the use of multiagent
coordination to model emergent behavior and the use of emer-
gence as a trigger of innovation in collaborative environments.

Currently, most of the research in complex engineered sys-
tems has concentrated on multiagent systems [87, 88], collective
robotics [89,90], swarms [91], and networks [92,93]. A new ap-
proach under study comes from biological systems, where evo-
lution’s extended success is based on the meta-attribute of evolv-
ability [50]. In biological systems the term evolvability is used to
describe the ability of the configuration space (the space of geno-
types or phenotypes) to produce an unlimited supply of feasible
configurations [94, 95]. Studying and understanding the char-
acteristics that make evolution and emergence so skillful would
allow systems engineers to improve the design of complex sys-
tems.

The next step in this research is to study how systems engi-
neers can apply the concept of emergence, characteristics of the
evolutionary process, and principles of system of systems to the
design of complex engineered systems.
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[90] Matarić, M. J., 2001. “Learning in behavior-based multi-
robot systems: Policies, models, and other agents”. Cogni-
tive Systems Research, 2(1), pp. 81–93.

[91] Bonabeau, E., Dorigo, M., and Theraulaz, G., 1999. Swarm
intelligence: from natural to artificial systems. Oxford uni-
versity press.

[92] Barabási, A.-L., 2003. “Linked: The new science of net-
works”.

[93] Albert, R., and Barabási, A.-L., 2002. “Statistical mechan-
ics of complex networks”. Reviews of modern physics,
74(1), p. 47.

[94] Dawkins, R., 1986. The Blind Watchmaker: Why the
Evidence of Evolution Reveals a Universe Without De-
sign. W. W. Norton & Company. Google-Books-ID: sP-
paZnZMDG0C.

[95] Sol, R. V., Ferrer-Cancho, R., Montoya, J. M., and
Valverde, S., 2002. “Selection, tinkering, and emergence
in complex networks”. Complexity, 8(1), Sept., pp. 20–33.

12 Copyright © 2017 ASME

Downloaded From: https://proceedings.asmedigitalcollection.asme.org on 02/06/2019 Terms of Use: http://www.asme.org/about-asme/terms-of-use




