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Abstract

The second section of the paper charts the development of
AI methodologies that led up to ALife in its current
form(s). After these preliminaries, an idealized (but computationally intractable) ALife paradigm is laid out, followed by a discussion of modifications to make this paradigm more feasible while preserving aspects that support
the open-ended evolution of complexity (Standish, 2003).

Over the last several decades research efforts have explored
various forms of artificial life and embodied artificial life as
methods for developing autonomous agents. Such approaches, although a part of the AI canon, are rarely used in
research aimed at creating artificial general intelligence.
This paper explores the prospects of using in silico artificial
evolution to develop machine consciousness, or strong AI.
It is possible that artificial evolution and situated selforganizing agents could become viable tools for studying
machine consciousness, but there are several issues that
must be overcome. One problem is the use of exogenous
selection methods to drive artificial evolutionary processes.
A second problem relates to agent representation that is inconsistent with the environment in which the agents are situated. These issues limit the potential for open-ended evolution and fine-grained fitting of agents to environment,
which are likely to be important for the eventual development of situated artificial consciousness.

AGI, Strong AI, and Consciousness
The field of AGI has, to a degree, subsumed the notion of
strong AI (Legg and Hutter 2007). But AGI is not exactly
synonymous with strong AI. A system possessing strong
AI would have consciousness, not just mindless intelligence (Searle 1980). AGI research is ultimately aimed at
building systems that surpass human intellectual abilities,
but AGI researchers might not necessarily make claims as
to whether such systems would have consciousness.
The terms consciousness and phenomenal states are used
in this paper to refer to first-person experiential states. See
Reggia (2013), Wheeler (2008), Dreyfus (2007), Loar
(1990) for discussions of these and related terms in the
context of AI.
In a general sense, consciousness might be thought of as
the first-person internal experience of mind. The previous
statement points to what consciousness is, but is not a true
definition in the scientific sense. The experience of conscious mind is a first-person phenomenon and may not
have a third-person objective manifestation that is accessible to scientific verification (Loar 1990, Arrabales,
Ledezma, and Sanchis 2010).

Introduction
Some authors have advocated for the use of artificial life
(ALife) and evolutionary learning as a primary component
of strong AI (Parisi 1997, Looks and Goertzel 2006). This
paper discusses the long term prospects of using ALife to
create, or at least shed light upon the question of, machine
consciousness and artificial general intelligence (AGI).
Largely due to automatic design aspects, machine consciousness may (at some point) be achieved by a refined
version of ALife even without a working understanding of
consciousness. Further, future versions of ALife may be
able to side-step both the symbol grounding problem (Harnad 1990) that plagued early attempts at strong AI (Newell
and Simon 1972) as well as the frame problem (Dennett
2006, Wheeler 2008, Dreyfus 2007) that has been a more
recent difficulty in situated AI (Froese and Ziemke 2009).
This paper is organized as follows: First, some common
terminology is presented, followed by a brief discussion of
AI’s failure to produce AGI or machine consciousness.

Why don’t we have strong AI?
There is no clear consensus among AI practitioners and
observers as to exactly why past endeavors in all their various forms have not spawned AGI, much less machine
consciousness. This failure may in part be due to fundamental flaws in methodology or it may due to the fact that
few of AI’s paradigms have ever been tested at full scale.
Several authors contend that the reasons for failure are
related to the lack of working definitions or adequate understandings of phenomenal states, agency and conscious-
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ness (Dreyfus 2007, Menant 2012, Shani 2013, Reggia
2013). Efforts to develop a theory of phenomenal states
are on-going, but there remains a lack of anything approaching a consensus (Arrabales, Ledezma, and Sanchis
2010, Koch and Tsuchiya 2011). Reggia (2013) states “no
approach to artificial consciousness has presented a compelling demonstration of instantiated consciousness in a
machine, or even clear evidence that instantiated machine
consciousness will eventually be possible.” In this vein
Menant (2012) similarly concludes that we don’t understand basic aspects of consciousness and this limits our
ability to investigate strong AI.
Another school of thought addressing why AGI has not
come to pass is that AI practitioners simply have not put in
a sufficiently coordinated concerted effort. The contention
is that a very large and explicitly coordinated Manhattan
Project-like effort is needed to create AGI (Brunette,
Flemmer, and Flemmer 2009). IBM’s projects Deep Blue
(Hsu 2002) and Watson (Ferrucci et al. 2010) lend some
credence to this view. Watson in particular required something of a mini-Manhattan Project: three years and 20 core
developers and scientists working in a closely coordinated
group. These systems are impressive, but there is no consensus that either might scale up to make the general problem-solvers envisioned by AGI.

of consciousness, it is generally (though not universally)
accepted that high level symbolic representational systems
would likely not be conscious. Even so, it is possible that
systems with at least some aspects of symbolic AI may
eventually gain an appreciable level of general problemsolving ability. The last decade has seen some glimmer of
this in IBM’s major projects Deep Blue (Hsu 2002) and
Watson (Ferrucci et al. 2010), as well as programs that can
perform at human levels on IQ tests (Sanghi and Dowe
2003).
An important ideological consequence of symbolic AI’s
difficulties and subsequent/concurrent critique was the rise
of the view that conscious intelligence (at least in humans
and some animals) is closely tied to an ongoing immediate
interactive relationship to the environment (Steels and
Brooks 1995, Dreyfus 2007, Wheeler 2008). The view was
that conscious intelligent agents must be embodied, contextualized, or otherwise situated in an environment, in
addition to being possessed of a tight coupling between
sensors, actuators and control. This ideology received the
moniker embodied AI (Steels and Brooks 1995).

Embodied AI
Although embodied AI highlighted the importance of considering a situated intelligent agent’s close relationship to
its environment, the control aspect of initial systems developed in the late 1980’s was in some ways the weak link.
Typically, these used hierarchical control architectures that
were fairly rigid and hand-tuned. Although agents were
environmentally situated, they had very little ability to
learn or adapt (Steels and Brooks 1995). The more intrinsic aspects of control, such as fine-grained contextappropriate behavior, were not fully addressed by many
early embodied AI projects. Brunette, Flemmer, and
Flemmer (2009) and Anderson (2003) present reviews of
embodied AI.
Some researchers, including Froese and Ziemke (2009)
and others, have suggested that something fundamental is
missing from our understanding of how consciousness (or
any level of awareness) might arise in situated agents.
Brooks in particular, after a decade of embodied AI work,
wrote, “I am suggesting that perhaps at this point we simply do not get it, and that there is some fundamental change
necessary in our thinking...” (Brooks 1997). This highlights a more pervasive problem in AI that has become
known as the frame problem (Dennett 2006, Dreyfus 2007,
Wheeler 2008). The frame problem essentially asks, “How
does an intelligent agent understand its current context to
the degree that it can produce appropriate action?” In
short, how does an agent know, moment by moment, what
to do and when to do it? In some ways this inability of
early embodied AI to address the frame problem influ-

The Evolution of AI and ALife
In order to provide context, and to relate ALife research to
AGI and machine consciousness, this section briefly summarizes important developments in AI, AGI and ALife.

Symbolic AI
As chronicled by Buchanan (2005), Newell (1982), Reggia
(2013) and others, in the 1950’s and 1960’s, much of AI
was focused on symbolic structured information systems,
as well as various axiomatic and semi-formal methods of
logical reductionism championed by Newell, Simon,
McCarthy, Minsky, Shannon and others. In this paper the
term symbolic AI is used to refer to this overall paradigm
(Dreyfus 2007). These methods suffered from various
semantic and representational problems that were much
more profound than initially realized. Perhaps the most
debilitating of these became known as the symbol grounding problem (Newell and Simon 1972, Harnad 1990). The
symbol grounding problem asks how meaning can be associated with symbols in a computational system such as a
digital computer. To a large degree this problem was never satisfactorily resolved, and led to several important theoretical and philosophical critiques of symbolic AI (Dreyfus
2007, Searle 1980, Steels and Brooks 1995, Wheeler
2008). Although all of these critiques struggled to some
degree with the lack of a scientifically tractable definition
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enced the onset of ALife as a significant subfield of autonomous systems research.

used widely to investigate empirical questions about the
nature of proto-life, as well as evolutionary population
dynamics and theory (Fortuna et al. 2013).
Tierra (and Avida in some configurations) does not include an explicit fitness function per se, but the OS does
play a supervisory role that does not reduce completely to
fundamental rules governing program behavior (Dittrich,
Ziegler, and Banzhaf 2001).
AChem systems have commonalities with selfreplicating program platforms, but are formulated in terms
more closely analogous to molecular interactions in the
natural world. See Dittrich, Ziegler, and Banzhaf (2001)
for a review. In their most general form, AChem systems
define sets of objects and rules that govern the low-level
interaction of these objects. Resulting structures arise from
these low-level interactions. These systems generally have
no explicit objective function that enforces cyclic replication. Like self-replicating program systems, AChem systems have also received much attention in the last decade
and are used extensively as theoretical tools.

ALife
This subsection focuses on ALife methods in a general
way. This serves as a foundation for following discussions
of how ALife might be advanced toward open-ended evolution of complexity (Standish 2003), and how this might
support the ultimate (and perhaps distant) goal of producing AGI and machine consciousness. More detailed surveys of ALife in its various forms are reported in numerous
works including Bedau et al. (2000), Kim and Cho (2006),
Nolfi and Floreano (2000), Nelson, Barlow, and Doitsidis
(2009), and Dittrich, Ziegler, and Banzhaf (2001).
Computational ALife (as opposed to wet ALife or synthetic biology) can be divided into three categories: 1) situated-agent systems, 2) self-replicating evolving program
systems, and 3) artificial chemistries (AChem).
In the first category, agents (either simulated or real) are
evolved in a physical environment or semi-physical simulation. The agents are evolved using various forms of
population-based evolutionary algorithms. The majority of
such platforms use some sort of explicit fitness function to
drive the evolutionary process. These fitness functions
often measure aspects of specific task completion such as
distance traveled, objects located, or acquisition of simulated energy, food or materials (Nelson, Barlow, and
Doitsidis 2009).
In the 1990’s and through the first few years of the new
millennium this class of research received a large amount
of attention both in simulated situated agent and in embodied evolutionary robotics work. Such work, although still
being pursued, has declined in the past few years, largely
due to a growing realization that explicit fitness evaluation
and open-ended evolution are largely incompatible (Lehman and Stanley 2008).
Self-replicating evolving program systems form a second class of ALife research, and include platforms such as
Tierra (Ray 1991) and Avida (Adami and Brown 1994).
Self-replicating program systems generally define populations of code snippets that are placed in memory in a specialized virtual machine and are run in parallel, governed
by a dedicated operating system associated with the virtual
machine. The agents are self-contained code sections residing in core memory, and don’t necessarily represent anything beyond their own pattern in the machine. In this
sense, self-replicating programs might be considered to be
not just simulations, but real instances of evolving systems
(Ray 1991).
State-of-the-art self-replicating program systems support
populations of tens of thousands of individuals and can
propagate these at rates on the order of an effective generation per second (Shao and Ray 2010). These systems are

Natural and Artificial Evolution
This section delineates fundamental properties of nature or
natural law believed to enable or support the abiogenesis
and further development of self-replicators capable of
open-ended complexification. This set of properties is
used as a guide or set of design criteria in the final sections
of this paper.
Natural evolution, and the universe in general, generates
exploration and open-ended search of the configuration
space defined by physical law. Nature uses no explicit
selection criteria per se, and all effective evolutionary pressures are consistent with the fundamental laws that govern
our universe (i.e., fitness is a fully endogenous property).
Selection, as such, although appearing from our distal, observers’ point of view to be driving the improvement of life
in its corporeal form, is from another very low-level point
of view simply a subtle form of random walk through the
configuration space defined by physical law. The natural
processes that led to life on Earth had no design strategies
beyond stochastic search, at least initially, and so far as we
know, no external agent actively monitors and alters the
course of evolution. In terms of physical law, there is no
distinction between living and non-living material: all is
constructed according to one consistent set of fundamental
laws (Lange 1996).
To summarize then: nature employs no explicit fitness
function, has no supervisory agent, and all aspects of the
environment (and any agents it might contain) are specified
using one set of physical laws.
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AChem-like systems might potentially be tuned to fulfill
all of these criteria (Faulconbridge et al. 2012). However,
the computing power required to support a simulation capable of evolving agents from this basic level is likely to
remain out of reach indefinitely. Addressing this while
maintaining our desired criteria will require a considerable
amount of finessing on two fronts. Firstly, the way in
which the defining elemental rules are implemented must
be dramatically altered from the basic AChem-inspired
form in order to approach computational tractability. Secondly, it is probably necessary to seed environments with
proto-life agents (Hickinbotham et al. 2010, Damer et al.
2010). It is likely that choosing a set of elemental defining
rules that will readily give rise to lifelike agents is a much
more difficult task than creating seed agents that can exist
in a given environment.
There are several modifications that might allow for a
considerable speed-up in the simulation of a set of rules
defining a “physics” (Grand 2012). One example of these
would be to compress many aspects of the environment.
Still, even with the most optimistic curtailment of physical
laws, it is likely that this alone would not bring us within a
reasonable experimental time frame. Grand (2012) estimates that even with a set of very generous fixes, it would
take in excess of 1000 years for a single instance/simulation of a set of laws to reach the abiogenesis
stage (if it were to occur), and possibly a very large number of attempts to refine our set of laws.
It will be necessary to consider additional fixes that go
beyond streamlining the defining elemental rules/laws of
our system. One potential fix is to include many aggregated physical properties into macro-scale objects. Rules that
simulate macro-scale objects as semi-elemental forms
might be considered quasi-magical in relation to the elemental rules and have the potential to distort the environment outside the bounds of consistency detailed above, and
must be implemented with care. One possibility regarding
how to make quasi-magical rules consistent with a set of
elemental rules is to require quasi-magical rules to stay
within the energy confines of the simulation. Potentially,
measures of complexity in ALife as studied in Lehman and
Stanley (2008) could be used to modulate the degree of
computational granularity in conjunction with levels of
abstraction (Nellis and Stepney 2010).
Even with these modifications it will be necessary to
seed the environments with proto-agents. With supporting
modifications to the defining elemental rules governing
interactions, it may be possible to design bodies for the
seed agents, although this is currently beyond the state of
the art (Ducharme, Egli, and Legault 2012). Recently,
using Stringmol, an AChem system with some aspects of
self-replicating programs, Hickinbotham et al. (2010)
seeded the environment with a hand-designed molecule
that is capable of copying any other molecule it binds to.

Endogenous Artificial Life
This section begins with the definition of an idealized hypothetical ALife environment in which situated intelligent
agents might (or might not) develop. Then by degrees, this
will be made less ideal, but more computationally tractable. Through this process, our overall goal is to preserve
the putative properties of nature that allow for open-ended
complexification.
Mirroring nature, at least in a reductionist way, a hypothetical (admittedly profoundly computationally intractable) ALife research environment that would be suitable to
explore the origins of life and situated intelligence on a
grand scale might be employed as follows: experimenters
formulate a set of elemental structures and interaction rules
(analogous to fundamental physical law), and then allow
this set of elements and rules to iterate over time in a computational space-like region. After the system is allowed to
run for a sufficient amount of internal time, experimenters
observe what has developed, modify their sets of rules, and
run the system again. Any self-replicators arising in such a
system would have fully endogenous environmentally consistent representation and (depending upon the set of rules
being iterated) be potentially self-complexifying. But of
course, actually simulating a sufficiently large space-like
region at a quantum-like level is out of the question. Lloyd
(2002) estimates that the upper limit on the computational
capacity of a liter of physical matter is on the order of 1050
operations/second. Simulating this amount of material at
the quantum level might require a comparable amount of
computational power. Also see Grand (2012) for a recent
discussion of the feasibility of simulating bulk material.
How could the fundamental properties of such a system
be retained while bringing it into the range of levels of
computing power that might at some point be available?
The previous section proposed that a system capable of
supporting open-ended development of complexity should
meet the following criteria gleaned from nature: 1) the system should be free of any exogenous, explicit fitness criteria; 2) there should be no supervisory agent that treats putatively living parts of the environment differently than
nonliving parts; and 3) agents should be represented fully
consistently within the defining elemental rules that specify the overall environment. The goal here is to retain these
general properties, while reducing the overall computing
requirements to the bare minimum. Recent theoretical and
research efforts have begun to address questions related to
these properties, and some of these works are cited in the
following discussion. In this way something of an overall
trajectory along which ALife is already proceeding is
sketched.
To a degree, the first and second of these properties can
be achieved by omission.
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This then led to the evolution of a great variety of complex
co-replicating molecules.
Seed agents require rudimentary sensor-control-motor
loops constructed using only the defining elemental rules
of the environments. This is likely to be extremely difficult within a system with simple AChem-like rules. Dualism, in which agent minds are represented externally to the
environment, would violate consistent agent-environment
representation. One way to address this might be to include fundamental elements/particles in the environment
that are essentially functional computational units that can
be coupled together into connectionist structures. Recently,
something close to endogenous encoding of a rudimentary
control function has been achieved in a few works. For
example, Joachimczak et al. (2012) demonstrated the evolution of locomotion ability in populations of multicellular
agents with genomes that specified morphology and control at the cellular level. Global or whole-agent control
arose as an emergent property.
In summary, a computational ALife environment might
be achieved by implementing: 1) streamlined AChem-like
rules governing interaction of elements in the environment,
augmented by 2) a set of rules for aggregated macro-scale
objects, variable granularity based on complexity, and fundamental elements that can readily be formed into connectionist information processing and sensing constructs; and
3) initial seed populations of hand-designed selfreproducing proto-agents.

systems have demonstrated some elements of open-ended
evolution, although the agents evolved are too simple to be
considered complex life. AChem systems do address concerns of exogenous fitness and of inconsistent representation of evolving agents. Here though, seeding seems necessary to jumpstart the rise of complex agents, and the design of such seed agents is currently beyond the state of the
art.
Philosophically speaking, there are likely to be fundamental problems in determining whether resulting agents
have phenomenal consciousness even if they appear outwardly to have features we associate with consciousness.
Observations of such features in agents arising from ALife
simulations, though still not providing conclusive proof of
artificial phenomenal states, might bear more weight than
they would in super-intelligent human-designed AGIs.
This is because such AGIs might have been explicitly or
implicitly programmed to simulate affect, while agents
created in a self-contained evolutionary simulation would
have evolved such behavior independently.
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