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ABSTRACT In a world increasingly driven by artificially intelligent autonomous agents, it is imperative
that these agents behave according to well-understood ethical standards. We provide a unified computational
framework for simulating societies of autonomous agents and for evaluating the impact of individual agent
decisions on overall societal success. To the best of our knowledge, this digital terrarium is the first such
system that allows for a direct comparison of various socio-ethical agent behaviors. As a first step, we present
implementations of three popular ethical theories: Jeremy Bentham’s hedonic act utilitarianism, ethical
altruism, and ethical egoism. We compare these algorithmic decision models in a head-to-head manner
and demonstrate that cooperative, utilitarian societies lead to vastly superior societal outcomes compared
to the other two. Our explicit goal is to demonstrate the overt benefit of transparent, algorithmic ethical
decisionmaking, in which developers, vendors, and users operate with awareness of the forms of ethical
reasoning utilized by their technologies. Our results are a validation of a rich, interdisciplinary tapestry of
work concerning the benefits of cooperation versus greediness. We enhance our results by also considering
the impact of individual agent greed on a society’s overall success (or failure). Though exploring greed (and
similar phenomena) is interesting in itself, our more important contribution is our malleable, robust, and
foundational experimental framework that facilitates comparative insights across a wide variety of popular
socio-ethical models. We invite scholars from all disciplines to use our digital terrarium to grapple with
challenging questions using this new simulation-focused methodology, in hopes that it may meaningfully
shed some light on these questions. Our experiments in this article are not exhaustive. Rather, they are
illustrative of the role that simulation can play in answering or understanding big questions in our society in
response to rapid technological change.

INDEX TERMS Machine ethics, artificial intelligence, agent-based modeling, computational cultural
modeling, cooperative systems.

I. INTRODUCTION

Humans are increasingly affected by autonomously-acting,
artificially intelligent (AI) computer systems making deci-
sions on their behalf. Many of these algorithmic decisions are
seemingly inconsequential or benign (such as Al customer
service systems), but other applications have more significant
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impacts (such as self-driving cars). These automated systems
are placed in scenarios where they are tasked with making
decisions with ethical ramifications. These decisions are
frequently analyzed and enacted without any immediate
awareness by programmers, vendors, or users. The outcomes
may only be observed by people long after the inciting
action was made. What makes these scenarios challenging
is codifying how one makes an optimal decision, especially
when navigating potentially contradictory preferences.
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We expect artificially intelligent agents to make decisions
according to some set of values (and associated priorities)
that are defined as optimal. Effective ethical decisionmaking
involves prioritizing the right choice between competing
actions in response to some dilemma [1]. The prioritization
of actions is done according to the values imbued in the
agent, which may come from a specific school of thought or
a blend of many. Our work emphasizes measurable outcomes
of societal wellbeing from the consequentialist school of
thought.

Different normative ethical theories (such as utilitarianism,
Kantian deontology, Stoic ethics, etc.) provide frameworks
by which the set of possible agent actions are evaluated.
Algorithms can be developed to approximate this ordering of
actions, just as ethicists attempt to order human priorities in
the making of decisions. This in turn produces an internally
consistent way to rank or provide a partial ordering of those
actions. For example, we could order according to moral duty,
the cultivation of virtue, adherence to contracts and rules,
or some other metric.

What is absent as artificial intelligence increases in power,
breadth, and adoption is a true grounding of an autonomous
computer system’s decisionmaking process in well-known
ethical theories. In many cases, such attempts are purely
theoretical, shallow, or are overshadowed by competing
constraints (e.g. profit motives, ease of implementation,
or practical concerns), rather than exploring the nuances and
implications of a robust decisionmaking process. If intricate
autonomous systems for self-driving cars and other appli-
cations are indeed basing their decisionmaking on ethical
theory, their designers have been reticent to submit this work
for peer review. Neither have decisionmaking algorithms,
ethical or otherwise, been regularly shared as free and open
source software; doing so would allow for healthy public
debate about the logic of machine decisions. The current
body of publicly available work turns up scant few results
about this important aspect of computing. Our work provides
a humble step toward bridging this gap.

Even considering the external influences on the design of
an ethical autonomous agent, there are concrete advantages
to embedding an unadulterated implementation of an ethical
theory in a computational context. Since such a system
would be transparent, it would not suffer from the typical
criticisms [2], [3], [4], [5] that are levied on a black box
technology. That same transparency would allow an easy
pipeline for human verification (either by reasoning from
first principles or reverse engineering the output back to the
source). Additionally, humans can apply their intuition to
see whether the decisions made by a transparent autonomous
agent are sensible. For example, one can reason about
whether an agent’s decision adheres to Kantian deontology,
since that model of behavior is well-understood by a typical
scholar of ethics.

We engage in this work with a crucial disclaimer: our
implementations of socio-ethical theories are offered here at
a layperson’s level of understanding both for straightforward
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implementation and for ease of comprehension for a
diverse audience. As such, we invite critique and proposed
enhancements to our understanding and implementation of
these theories. We make the bold (and, for our approach,
necessary) assumption that many aspects of ethical, socially-
considerate behavior are computable, either exactly or by a
high fidelity approximation. While we do not rigorously test
that assumption here, we leave the door open for future cross-
disciplinary research to inform this strategy.

It is incumbent upon us to leverage the work of philoso-
phers and see how those ideas apply to our modern, com-
putational landscape. We construct a universal computational
platform upon which we can compare different ethical (and
social) decisionmaking models. We provide useful context
to practitioners who seek advice on identifying the most
appropriate agent decision model for hands-on applications.
We do not assume that an ethical decision model adopted for
a particular application will be universally appropriate for all
artificially intelligent products. Rather, we seek transparency
about the decisionmaking process of machines and believe
ethical theories can, at minimum, provide guidelines for
artificial decisionmakers performing a specific task.

For the sake of simplicity, we refer to our computational
platform as a digital terrarium, where we introduce agents
that interact with a simplified model of the real world.
Our digital terrarium is inspired by Epstein and Axtell’s
Sugarscape [6], an agent-based simulation on a grid world.
In previous work, we provide a complete implementation
of Sugarscape [7]. Our implementation also allows for
independent verification of results according to modern
software development standards.

Il. OUTLINE OF ARTICLE

Our work has many inter-related components, reinforced both
by quantitative experiments as well as qualitative reflection.
In this section, we provide a high-level road map to assist
the reader in navigating the various facets of our work.
In Section IV, we describe Sugarscape [6], [7] and explain
its baseline feature set. We then describe an agent-level
decision layer in Section V that supports more nuanced
decisionmaking than the default behavior of Sugarscape.
In particular, we implement the utility calculus [8] as our first
direct use of this decision layer structure.

Section VII describes the bulk of our experimental
results across two styles of investigation: (1) the relative
societal success of different decision models (Section VII-A)
and (2) the importance of prioritizing self versus society
(Sections VII-B—VII-D). We also spend some time discussing
the critical software engineering principles of fidelity and
reproducibility of our results in Section IX. We addition-
ally provide a more granular outline with contextualized
discussion.

A. SUMMARY OF AGENT DECISION LAYER

We add a decision layer atop standard Sugarscape in
Section V. This replaces an agent’s default, greedy behavior
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with a specified decision model. Our emphasis in this
paper is to study ethical decision models, but one could
conceivably implement models for other domains such as
biology, economics, psychology, or sociology.

Our digital terrarium allows us to study trends within the
artificial society and assess the successes and failures of
agent behavior. Epstein and Axtell [6] observed interesting
societal behavior even when individual agents acted in a
greedy fashion. Our goal is to capture emergent behavior: the
behavior of groups of agents (or a society) that transcend the
available actions of any individual agent in the group.

The first ethical decision model we implement in our
decision layer is hedonic act utilitarianism, as introduced
by Jeremy Bentham [8]. The details of this algorithm are
presented fully in Section VI, along with carefully-considered
nuance about how to best preserve the spirit of the original
utility calculus. An act utilitarian decisionmaker considers
the consequences of any potential action across all affected
agents and aggregates the overall good and bad consequences
of that action for all stakeholders. Its ultimate goal is to
choose the action that produces the greatest good for the
greatest number of agents.

Utilitarianism is, in some sense, quite appealing: it
promises an objective, non-egocentric, and in our context,
computable, way to evaluate the ethical quality of a proposed
action. This procedure roughly corresponds to the traditional
computer science notion of rational agent behavior, where the
goal is to maximize one’s expected utility. The commonality
between the ideas is striking, and implementing act utilitar-
ianism is an ideal first step to illustrate the viability of our
experimental framework.

We provide a software representation of Jeremy Bentham’s
pseudo-algorithmic hedonic calculus which seeks to be
faithful to the source text. We further implement two
additional extensions of the hedonic calculus: ethical altruism
and ethical egoism. Practitioners of altruism engage in pure
selflessness while egoists engage in pure selfishness whereas
utilitarians act in an egalitarian manner.

B. SUMMARY OF THE DIGITAL TERRARIUM
Our primary technical contribution is our digital terrarium
for comparing socio-ethical decision models. Figure 1 shows
the software architecture of our contributions. The foundation
of our digital terrarium is our implementation of the
Sugarscape agent-based model. This simulation framework
creates an environment where individual, autonomous agents
(i.e. Al agents) interact at the micro-level which leads to
macro-level emergent behaviors in the artificial society.
Atop Sugarscape we build a decision layer which allows
drop-in replacement of the default (and greedy) agent
behavior with more nuanced socio-ethical decision models.
In particular, we showcase utilitarianism as our first decision
model. We also implement ethical altruism and ethical
egoism as distinct ethical models which are derived from
utilitarianism. These models and their implementations are
discussed in Section VI-C. When executed with these
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decision models enabled, Sugarscape provides a society of
autonomous agents which each adhere to one of these ethical
decision models.

/ Digital Terrarium

Socio-Ethical Autonomous Agents

Utilitarianism][ Altruism ][ Egoism

Y Y Y

Sugarscape Agent-Based Model

Agent Behavior Decision Layer ]

/M

FIGURE 1. Digital terrarium software architecture.

With this software architecture in place, we perform a
variety of experiments to validate our implementation of
these socio-ethical decision models and demonstrate their
relative effectiveness. We first compare utilitarianism (as a
cooperative approach to decisionmaking) to altruism and
egoism which contain inherent flaws related to the amount
of greed present in altruist and egoist agents. These flaws are
described in Section VI-C. We then determine how greedy
society is allowed to be and how greedy individual agents are
allowed to be and still yield stable, prosperous societies.

C. SUMMARY OF AGENT GREED

In our digital terrarium, we demonstrate that societies where
agents act in a utilitarian manner definitively outperform
societies where agents act in their own best (greedy) interests
and societies where agents engage in wasteful self-sacrifice.
In particular, utilitarian societies: are more than twice as
likely to survive any given initial landscape, gather thrice
as many resources as the other societies, and are composed
of agents that live longer and happier lives than agents
in other societies. These findings imply that utilitarian
societies (and the agents in those societies) are healthier, more
productive, and more fully utilize their environment than
their counterparts adhering to the other implemented ethical
theories.

We reinforce the computational use of utilitarianism as a
guiding ethical decision model through further consideration
of two implementations of greed. In the first (described in
Section VII-C), we add an additional property to an agent’s
decisionmaking: their selfishness factor. Societies composed
of agents that are more than 80% selfish lead to volatile
societal outcomes (and often lead to extinction). Purely
selfless societies of agents who are 0% selfish are likewise
volatile and prone to failure. Utilitarian societies (at or near
50% selfish) are incredibly successful, and the probability of
success is nearly guaranteed.

In Section VII-D, we describe the second consideration
of greed, where we consider societies of agents with a
mixture of decision models (namely the ethical egoist and

195591



IEEE Access

N. Kremer-Herman et al.: Blueprints for Machine Ethics: A Digital Terrarium

utilitarian models) and compare outcomes for societies which
are purely egoist, purely utilitarian, and somewhere in-
between. We note an inflection point showing a society of
at least 40% utilitarian agents begins to produce the suc-
cessful societal outcomes of our other experiments. Further
increasing the percentage of utilitarian agents in the society
reduces the volatility of outcomes and reinforces the success
experienced. The sum total of our results are extremely
promising and are a compelling first step toward a fully
realized, formal exploration of computational ethical decision
modeling.

D. SUMMARY OF RESULTS
Our work introduces multiple kinds of outcomes: soft-
ware, experimental results, and interdisciplinary discussion.
We distill our results here for clarity. We provide the
following key deliverables:

« Digital terrarium for evaluating socio-ethical decision
models for autonomous agents (Section VII)

« Algorithmic representation of Jeremy Bentham’s hedo-
nic act utilitarianism (Section VI)

« Experimental validation that cooperative societies vastly
outperform both purely selfish and purely selfless
societies across a variety of metrics. (Section VII-A)

« Experimental validation that some limited level of self-
ishness is tolerable in an otherwise cooperative society
across two different ways of representing selfishness
(Section VII-C)

« Certification of reproducibility for all claimed results
(Section IX)

« Identification of rich, interdisciplinary opportunities for
collaborative future work (Section X)

o Discussion on the computational tractability of ethics
and ethical autonomous agents (Section X-B)

These deliverables demonstrate a comprehensive eval-
uation of our digital terrarium. We also show how one
can exactly reproduce our findings. Our novel results are
individual threads which are woven into an already vast
tapestry of rich, interdisciplinary work which we present with
care.

We argue that algorithmic decisionmaking should be
developed transparently instead of relying upon the pref-
erences of private firms to determine how machines make
socio-ethical decisions. We start with Bentham because
his approach is simple and straightforward, not because
he is in any sense correct or definitive. Upon injecting
Bentham’s approach into Sugarscape, we find that good
things happen to society. Therefore, we argue developers of
artificially intelligent agents should be obligated to share their
decisionmaking algorithms and what moral understandings
govern their design choices. One can do much worse than
the early-modern simple utilitarian calculus provided in our
treatment.

To the best of our knowledge, we provide the first
algorithmified realization of Jeremy Bentham’s hedonic
act utilitarianism for autonomously-acting computer agents.
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We draw directly from Bentham’s work and apply it to
our digital terrarium. Our work is exciting because it has
wide-reaching implications across many domains as we
attempt to answer big questions in the humanities by way of
a very different methodology. In particular, our work is both
novel and intellectually satisfying because there do not appear
to be any other solutions, methods, or standards by which we
can benchmark our implementation other than by qualitative
comparison or by analogy.

IIl. RELATED WORK

We provide the typical, broad scholarly overview of related
work relevant to our digital terrarium. Since our work is
both novel and highly interdisciplinary, we also provide
an abbreviated survey of works relevant in other domains
which may be compared to our work in a qualitative manner.
Our work is inherently interdisciplinary, and it would be
impossible to express a full accounting of all relevant
research. We provide this survey for the astute reader of these
domains, acknowledging that we make many simplifications
in this work which allow us to focus, with clarity, on the
computer science perspective we present. By referring to the
bodies of work, we demonstrate the simplifications made here
are intentional, informed, and aim to convince the reader
of the sincerity of our study and of the validity of our
results.

A. ABBREVIATED SURVEY OF INSPIRATIONAL WORK

In the spirit of Appendix N [9], we provide a high-level,
incomplete list of related works which have inspired us.
We offer these as suggestions for the astute reader and
humbly acknowledge that the referenced works mark only
the beginning of an interdisciplinary journey. As a top-
level observation, we note that many lines of inquiry among
disciplines relevant to our digital terrarium pose intriguing
theoretical observations. We submit that our digital terrarium
is a unified playground for any overlapping field of study to
experiment, and our contributions are purely additive to the
existing body of work.

We make the assumption that artificial intelligence affects
and is affected by practically all other disciplines. This
assumption is reinforced by the mass adoption and rapid
innovation of artificial intelligence across disciplines and
professions not unlike the adoption of the World Wide Web
and of the personal computer. We divide fields of study
broadly based on their placement in the traditional liberal arts
and mechanical arts which have a storied history of influence
upon each other.

Our digital terrarium ingests the theoretical observations
relevant to ethical, artificially intelligent agents gathered
across the liberal arts and the applications for ethical
Al agents from the various mechanical arts. We provide
blueprints for the creation and deployment of ethical Al
agents which can be fed into various Al solutions. These
ethical agents are intended to spur on future observations and
applications which create a virtuous cycle of progressively
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FIGURE 2. Interdisciplinary connectivity of our digital terrarium.

more optimal, and more ethical, Al agents. Figure 2 provides
a diagrammatic representation of the connectivity of our
digital terrarium to other disciplines at coarse granularity.

The ethical agents under study in our digital terrarium are
the result of interdisciplinary considerations. We do not claim
to overshadow any field of study but rather make a good
faith effort to provide a useful application of their respective
bodies of knowledge that synthesizes lessons learned across
disciplines. We add a computational framework for these
fields to continue positively affecting the development of
ethical artificially intelligent agents in our global society.

Especially relevant, and likewise inherently interdisci-
plinary, fields of study include machine ethics, artificial life,
game theory, and complex systems. We place these fields in
the same area of the Venn diagram in Figure 2 as artificial
intelligence with the same significant, reciprocal impacts
upon the liberal and mechanical arts. Through our digital
terrarium, we hope scholars in these fields can meaningfully
explore ethical agent decisionmaking in complex artificial
societies.

B. SURVEY OF COMPUTATIONAL MODELING AND AGENT
BEHAVIOR

Modeling techniques for digital life simulations have a long
lineage, going as far back as John von Neumann’s seminal
work on self-reproducing automata [10]. Langton [11] helped
found the study of artificial life. One of the first fruitful
attempts at applying agent-based simulation techniques for
social phenomena was by Schelling [12]. He pursued a wide
body of work along those lines but was fundamentally con-
strained by available computational power. Our work extends
the agent-based simulation Sugarscape [6], an evolution
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of Schelling’s work additionally incorporating ideas from
Conway’s Game of Life [13]. More recently, Jara-Ettinger
et al. [14] implement a complex Markov decision process
(MDP) that allows agents to both navigate toward their
goals as well as have some choice about which goals to
pursue. Their work is focused on identifying an unknown (but
fixed) agent decision model rather than observing emergent
behavior like Epstein and Axtell’s Sugarscape [6].

When deploying ethical agents, we must consider how
and in what way to incorporate ethics; the following works
attempt to categorize either the end product or the process
by which ethics is evaluated. Winfield et al. [15] outlines
four categories for deployed ethical agents: ethical impact
(agents that can be evaluated for ethical consequences),
implicitly ethical (agents designed to avoid certain unethical
outcomes), explicitly ethical (agents that reason about ethics),
or full ethical (agents that make and can justify specific
ethical judgements). Segun [16] argues that one should
carefully consider ethics at all points during artificial agent
creation: during ideation, development of pseudocode, and
implementation of a real agent system. The ethical focus and
concern is different at each stage of development, but each is
equally important to the overall process.

Branches of normative ethics (such as consequentialism,
deontology, and virtue ethics) offer opportunities for exper-
imental implementation for autonomous agents in various
ways [17]. An early report in computationally evaluating an
ethical dilemma is presented by McLaren [18] comparing
approaches from the Truth-Teller and SIROCCO systems.
One can also model public policy in an artificial society
as presented by Dialloetal. [19]. The GenEth dilemma
analyzer [20] is a knowledge representation scheme for
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identifying ethical features of actions (particularly the
presence or absence of those features) in a human-in-the-loop
model. Each of these approaches have differing use cases and
implementations, yet they all provide meaningful examples of
implementing ethics computationally.

Many ethical theories emphasize the importance of the
good of all as opposed to the good of solely the self.
This matter of greed versus generosity has been studied
across many disciplines including philosophy [21], psychol-
ogy [22], [23], [24], [25], [26], [27], business [28], [29],
and biology [30], [31], [32], [33]. Williams [34] provides
argument that some degree of greed is essential for human
welfare. Cassill and Watkins [35] reinforce this by clarifying
the importance of greed when agents are presented with
resource scarcity. Indeed, one would be hard-pressed to find
a field of study which does not have something to say
about greediness and generosity. These works investigate
competing characterizations of greed and often distinguish
between self-interest and greed. We do not make any such
distinction but instead focus on how agents’ self-importance
(or lack thereof) in their ethical decisionmaking leads to
emergent societal outcomes.

Agent-based modeling allows investigating not just digital
life but also ethical modeling [36]. However, previous
attempts to do so have neglected to take into account
the full breadth of ethical issues and to fully evaluate
their results [37]. Our digital terrarium is an agent-based
simulation model for computational social sciences that
overcomes these criticisms. Most directly related to our
work, Lasquety-Reyes [38] extends Sugarscape to explore
algorithmic virtue ethics. He implements femperance from
the Aristotelian virtue ethics tradition with a complex quan-
titative formulation using the PECS (physical, emotional,
cognitive, and social) model to moderate these differing agent
desires. Lasquety-Reyes provides a tentative first step toward
a fully realized implementation of virtue ethics in code.

C. SURVEY OF THE ETHICS OF ARTIFICIAL INTELLIGENCE

AND MACHINE ETHICS

Ethical issues in artificial intelligence range from concerns
regarding the adoption of AI technologies, ethical use
cases for Al, governance and policy surrounding Al, and
how to create ethically-behaving artificial agents (machine
ethics). Our work expands the field of machine ethics.
We first provide introductory material on the ethics of
artificial intelligence which serve as relevant background
information.

Smith and Browne [39] provide a walkthrough of many
socio-ethical issues involving computer technology and
society with a primary audience of business management and
the general public. They dedicate significant time to artificial
intelligence and Al decisionmakers, and they discuss their
impact on the workforce and society. Coeckelbergh [40]
presents an accessible summary of many ethical concerns
with the adoption of Al and does so in a way that nicely

195594

sidesteps the more overly dramatized aspects of the topic.
Boddington [41] provides a formal introduction to Al ethics.
Floridi [42] discusses, among other illuminating ideas, that
the importance of ethical design must increase in no small
part due to the growing distance between agency and
intelligence in automated agents. Eubanks [43] discusses
algorithmic bias and the impacts of automated systems on
the socioeconomically disadvantaged, compounding their
struggles. Her focus on algorithmic injustice has strong ties
to topics covered in other relevant works. Liao’s compiled
volume [44] grapples with challenges of determining the
preferences needed for artificial agents to mimic human
behavior, the transparency (or black box nature) of Al,
planning for a universal basic income, and the ethics of an
Al lover, among others.

Quinn [45] provides an overview of many popular ethical
theories, their application to (computer) technology issues,
and a plethora of case studies covering the entanglement of
modern societal issues with rapid technological evolution.
His computer science background grounds the issues in a
way that is appropriate for general readers and is especially
insightful for computing professionals. Kearns and Roth [46]
provide a socio-ethical overview of concerns arising from
machine learning and from an increasingly algorithmified
world. The authors leverage their computer science expertise
to provide general audiences an understanding of what goes
on under the hood with complex algorithmic processes, such
as mass data collection and resulting (privacy breaking)
advertising.

The body of work surrounding machine ethics and similar
terms is vast. We provide some highlights which range from
general audience appeal to specific philosophical works.
These highlights serve as introductory matter to further
reading and as demonstration of our appreciation and care for
the many thorny issues surrounding machine ethics, many of
which we simplify for clarity of our contributions.

Blackman [47] provides a treatment on artificial intelli-
gence and machine learning, which is catered toward business
leaders although it is also an appropriate introduction for
general audiences to many of the socio-ethical concerns
surrounding Al. Leben [48] provides an engineer-focused
treatment of concerns and strategies for writing ethics algo-
rithms for machines. He focuses on the fact that machines do
not carry the moral psychology embedded in modern humans
and makes the case that a Rawlsian contractarian approach
may be the most straightforward for ethical machines.
Wallach and Allen [49] similarly provide an overview of
machine ethics, covering the primary concerns one should
consider when designing ethical machines. Like Leben,
they dive into considerable philosophical content to prepare
engineers for the challenges of working in the machine ethics
space. Extending that theme, Lin et al. [50] compile a number
of interesting articles that extend that overview to ethical con-
siderations for both the software of Al as well as its robotic
counterpart.
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The previous works have been, to varying degrees,
covering machine ethics for the non-expert. Anderson
and Anderson [51] put together one particularly thorough
compilation primarily written by philosophers and for other
philosophers as their audience. They not only provide us with
grounding for the term machine ethics but cover a broad range
of relevant issues in the field including the moral agency of
artificial decisionmakers, the distinction between machines
made to follow ethical principles and those which derive
ethical principles, human-robot interaction, etc. This work
can claim a significant share of the reason that machine ethics
has become established as its own line of inquiry.

D. SURVEY OF GAME THEORY

For both the Sugarscape simulation and Jeremy Bentham’s
utilitarianism, there is a clear link to economics and game
theory. The concept of utility functions shares an etymologi-
cal origin with Bentham’s conception of hedonic utility, and
Bentham’s emphasis on rational, detached decisionmaking
also makes clear the connections between game theory and
utilitarianism. At its core, utilitarianism strikes a balance
between extremely greedy behavior (pure self-interest) and
extremely sacrificial behavior (pure selflessness). One of the
most popular game theoretic approaches to exploring self-
interest is the Prisoner’s Dilemma [52].

Axelrod’s investigations into the Prisoner’s Dilemma [53],
[54], [55] are perhaps the most well-known of these. His
inherently interdisciplinary work connects political science,
behavioral science, economics, mathematics, and philosophy.
The utility calculations of the players in a Prisoner’s Dilemma
are similar in nature but quite different in implementation
to Bentham’s utilitarianism. We explore the relationship
between self-interest and societal success in a similarly
interdisciplinary fashion but do not constrain ourselves to
the limited game rules of the Prisoner’s Dilemma. With
Sugarscape, the set of possible agent actions is much larger,
the environment is more interactive, and there are far more
agents involved.

We also note the relevance of evolutionary game theory to
our work. The field has a rich and influential history [56],
[57], [58]. One key approach to evolutionary game theory
is evolutionarily stable strategy analysis [58]. This is
essentially a Nash equilibrium [59] with an added stability
criterion given each agent has a fixed strategy. It provides a
deterministic, if-else action selection strategy for an agent’s
interactions with others. A second approach to evolutionary
game theory is evolutionary dynamics [60]. This approach
considers the possibility that an agent can change their
decision strategy to maximize its fitness. This is conceptually
similar to Jeremy Bentham’s goal of people maximizing their
utility [8] which we attempt to replicate in this work.

E. SURVEY OF COMPLEX SYSTEMS, ARTIFICIAL LIFE, AND

THE SUGARSCAPE MODEL

The Sugarscape simulation we use is an example of a
complex system. From large networks of autonomous moral
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agents to a simulated brain cogitating on moral dilemmas,
complex systems research has significant ties to machine
ethics. Ladyman and Wiesner [61] provide an extensive
treatment of complexity and provide many examples of
complex systems in order to define the term itself. While
many of these examples model the physical sciences, some
are related to artificial life and computational social science
(including Sugarscape). The study of artificial life has
particular relevance to our work, and we provide highlights
of related works within this subfield of complex systems to
demonstrate our consideration of complexity as it pertains to
machine ethics.

Artificial life (which includes artificial societies like
Sugarscape) is an inherently interdisciplinary field and has
been since its inception [11]. We provide some relevant works
in artificial life to our work. Complexity appears at the level
of neurons in an artificial agent’s brain, the collection of
agents’ expressed behaviors from those neurons interacting,
and finally the emergent societal behavior [62]. An agent’s
behavior can also be influenced by querying the mental state
of other agents through communication [63]. This can create
a feedback loop of agents affecting each other. At the societal
level, agents may make commitments to each other [64] (with
implicit or explicit worth given to those agreements). They
may also share death stories with their peers [65] with the
goal of increasing the odds of societal survival.

The study of artificial life also has ties to machine ethics
with open questions remaining on the agency and moral
rights of artificial agents [66]. We explore ethical issues in
this work, and we do so through artificial life (in our case,
an artificial society). However, we focus on observations
made from observing ethical decisionmaking made by agents
and eschew questions related to agency and moral rights.

Cejkova [67] presents a compilation of works on artificial
life and a modernized English translation of Karel Capek’s
play R.U.R. (Rossum’s Universal Robots) in celebration
of the play’s centenary. R.U.R. has the distinction of
introducing the word robot to the English language and
provides many insightful critiques of the social consequences
of unfettered automation which are incredibly relevant to
the mass adoption of artificially intelligent technologies.
Additionally, Capek explores questions surrounding the
agency and inherent worth of the robots in his play (which,
or who, are essentially treated as slaves). Cejkova’s addition
of essays reflecting on R.U.R.’s impact upon various branches
of artificial life demonstrates the inherently interdisciplinary
nature of the field.

Sugarscape has its origin in computational social science
and provides complex artificial societies one can use to
reproduce real societal phenomena from individual agent
behaviors. The source material [6] as well as follow-on
work [68] ground the simulation in fundamental principles
to the social sciences. As such, Sugarscape has effectively
been applied to a number of social problems. It has been
used to demonstrate the effectiveness of pensions and social
security programs [69]. The simulation has also shown
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TABLE 1. Popular sugarscape implementations and feature set provided by book chapters.

Implementation Chapter 2 | Chapter 3 | Chapter 4 | Chapter 5
NetLogo [74] Sugarscape v X X X
MASON-Sugarscape [75] v v v X

Our Implementation [7] v v v v

the effects of technology proliferation and resulting wealth
disparities affecting the growth of societies [70], to examine
tax structures [71], and investigate wealth adjustment and
wealth disparities [72]. Another example involved adding
a cognitive layer to agents [73], applying Sugarscape to
psychology.

IV. OVERVIEW OF THE SUGARSCAPE MODEL

Sugarscape was originally developed in 1996 and evaluated
in Growing Artificial Societies [6]. It is an agent-based
simulation platform for exploring how societies might
express emergent behavior based solely on the actions of
individual agents. Sugarscape is a two-dimensional n x m
toroidal grid landscape, where each grid cell contains some
amount of the two available resources: sugar and spice. These
resources are metaphors for wealth and are gathered by agents
who then consume sugar and spice over time. These resources
regenerate at each grid cell at (potentially different) pre-
determined rates. One can simulate barren lands or lands of
plenty by adjusting a cell’s regeneration rate.

Agents are born with a single, greedy goal: live as long
as possible. Each timestep, an agent consumes sugar and
spice according to their metabolism for each, and they can
move as far as their vision allows to gather more resources.
The simulation also contains additional features that can
be toggled for both the environment (such as seasons,
pollution, or disease) and agents (such as trade, combat,
or reproduction).

Sugarscape provides an elegant baseline to study agent-
based behavior, complete with rich social dynamics that
range from simple, short-term behavioral rules to more
elaborate long-term agent planning. It does, as Epstein and
Axtell describe [6], a remarkably good job of reinforcing our
understanding of real world phenomena and social behavior.
The abstraction level both allows a metaphorical similarity
with the real world, while not sacrificing the computability
of discrete numerical values.

Figure 3 displays a single instance of our implementation
of the Sugarscape model executed from start to finish. Most
features are enabled including trade, combat, reproduction,
disease, cultural transmission, and lending. Agents are
colored red, sugar is yellow, spice is brown, and tan cells have
both sugar and spice. The more saturated the color of a cell,
the more resources are present at that location.

The top left panel shows the initial state of the simulation: a
starting population of 250 agents are randomly placed across
the environment. Some agents are placed in ideal, resource-
rich locations while others begin life in more destitute areas.
Among the agents, 50 of them are initially infected with a
unique disease which can be spread to others through contact.
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FIGURE 3. A sugarscape society from start to finish.

The top right panel shows the state of society 75 timesteps
into the simulation run. Most agents have died due to selec-
tion, competition, combat, and disease. Societal extinction
seems the most likely outcome, so it would appear the outlook
for this society is bleak.

The bottom left panel depicts the society at 125 timesteps.
We observe the beginnings of a population rebound. In this
particular simulation run, disease was eradicated after it
nearly wiped out the population. Note that the strongest
growth is occurring in a particularly resource-rich zone
with both sugar and spice readily available (which are both
necessary for reproduction).

Finally, by timestep 200 shown in the bottom right, society
has stabilized. They have survived the initial nosedive from
harsh initial conditions and have overcome environmental
challenges. This represents a successful society. Note the
relative desaturation of the cells within and on the periphery
of the population. This demonstrates the society is effectively
using their available natural resources and is approaching
their ecological carrying capacity.

Our ground-up reimplementation of Sugarscape is, to the
best of our knowledge, the only open source, complete
implementation of Sugarscape as presented in the source
text [6]. In private conversation with its authors, there appears
to be no such body of software available currently, though
there have been partial attempts [74], [75]. Our version of
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Sugarscape also includes robust validation, so any user of our
software may verify the results presented here and in future
work.

Table 1 compares two widely-used Sugarscape implemen-
tations with our version. We compare implemented features
based on the chapters of Growing Artificial Societies [6].
Our implementation provides the full feature set from
the book and additionally incorporates new features and
mechanisms which make the validation of the book’s results
straightforward, provides greater extensibility of the mech-
anisms for future work, and incorporates simulation engine
improvements in accordance with contemporary software
development best practices. Previous work [7] provides a
more complete description of our implementation’s useful-
ness, its feature set, the reproduced results from the source
text, and additional features which extend our version beyond
the source text.

Sugarscape is an ideal platform for our work. Unlike
other agent-based models, it is a fairly general-purpose
simulation tool. The source text provides an interdisciplinary
look into computational social science, and our extension
of Sugarscape greatly broadens its applicability and multi-
disciplinary nature. In short: Sugarscape is a phenomenal
agent-based model for investigating societal-scale research
questions including how one can implement socio-ethical
decisionmaking for autonomous agents.

V. AGENT DECISION LAYER

At the heart of our motivation in this work is the deep desire
to better understand how to make ethical decisions compu-
tationally. This is an area of both technical interest in the
data science and artificial intelligence communities as well
as general broad interest due to its potential to affect human
interactions. It is also of interest to scholars who may wish
to study the comparative impact of different decisionmaking
paradigms (be they social, ethical, or otherwise).

We extend our version of Sugarscape with a decision layer
which agents use to govern their action prioritization. Our
decision layer evaluates and scores all possible actions of an
agent through a scoring function and decides which action
the agent takes. That action is then executed by the agent in
our digital terrarium. This approach exposes the nuances of
ethical computational decisionmaking for careful study.

The default behavior of an agent in Sugarscape is greedy,
where an agent will take the action that provides the most
immediate total resources (the sum of sugar and spice).
As one might suspect, it may not always be optimal in the
long-term for an agent to maximize its resources in each
timestep. There may be scenarios in which taking a seemingly
suboptimal action now may yield an overall better resource
gain.

This style of computational thinking intersects with
artificial intelligence, where lookahead and accurate predic-
tion may improve an individual’s most successful action.
However, in social and societal simulation systems such
as Sugarscape, one might also want to incorporate the
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overall impact of other agents in the decision process as
well. Our decision layer considers these differing models of
computational decisionmaking with relative ease, including
models that consider the preferences of others.

Agents can utilize the full power of visible! agent and
environmental circumstances and assess their next move
accordingly. In particular, this organization of our software
provides a natural platform to make apples-to-apples compar-
isons among different decision models, from the very simple
(greedy) to the more complex (cooperative). To study another
decision model, one implements a new scoring function for
the available actions according to the corresponding social or
philosophical principles that govern that model.

Due to the rich feature set we implement in our digital ter-
rarium, we provide a reasonably high fidelity representation
of real human societies that is accessible, transparent, and
inherently computable. One could add even more features to
Sugarscape to further nuance the decision space: tracking and
evaluating secondary or tertiary impacts of agent decisions,
adding variables to study the impact of decision models
on new social phenomena (such as population sprawl),
or building an initial configuration to mimic a specific
(perhaps real world) society. Each of these sample avenues
of exploration is readily achievable within our framework.

Our digital terrarium serves as an initial means to
benchmark decision models. Although such an evaluation
is not truly a measure of real world success, considering
decision models in this way may allow deeper thinking about
the true impact of adopting a given socio-ethical theory in
societal settings. We hope to inspire other researchers to think
of our work as a hub for comparing and contrasting a diverse
range of decisionmaking models.

Algorithm 1 Bentham’s Hedonic Calculus
Given an action a from a set A of available actions
Given a decisionmaking agent d
Given a set P of people most affected by action a
utility < 0
for allp € Pdo
hp.a < p’s happiness resulting from action a
utility < utility + hp 4
end for
return utility

R A A R

VI. BENTHAM'S HEDONIC CALCULUS

In our decision layer, we implement an algorithmified version
of Jeremy Bentham’s hedonic calculus (also known as the
felicific calculus or the utility calculus), which forms the core
of his ethical theory hedonic act utilitarianism [8]. To him,
an ethical action is one that creates the greatest happiness for
the most people. We provide a brief overview of Bentham’s
utilitarianism, but we will modernize the terminology for our
computational context as necessary.

IWe allow for, but do not presume, agent omniscience.
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TABLE 2. A modern translation of Bentham’s variables from the hedonic calculus.

Variable Bentham’s Definition Sugarscape Terminology
Intensity magnitude of happiness raw sugar and spice gained
Duration time that happiness is observed extra survival time given intensity
Certainty likelihood that happiness occurs 0 or 1, as actions are deterministic
Propinquity time delay before happiness begins 0 or 1, as actions are immediate

Fecundity likelihood happiness begets happiness same as Bentham

Purity likelihood happiness begets unhappiness same as Bentham

Extent number of agents affected by the action same as Bentham

Bentham posits that an agent can calculate (either by obser-
vation or derivation) a quantitative value for a given possible
action (representing its consequences). The decisionmaker
then aggregates the scores for all agents affected by the
potential action. He further declares that no agent is worth
inherently more than any other.

Bentham refers to calculated positive values as pleasures
and negative values as pains. We represent these ideas as a
single variable: the happiness for a given action, which can
take positive or negative values as appropriate. We define the
utility (or inherent aggregate value) of an action as the amount
of happiness gained or lost.> We assume (as Bentham does)
that each agent prefers more happiness. The action chosen is
the one that generates the most happiness across all affected
agents and is thus deemed the most ethical decision.

Algorithm 1 shows pseudocode for the hedonic calculus,
derived from the source text [8]. It has been updated slightly
to conform to our modernized terminology. In this work,
we deviate from the source text only to improve the speed
of computation or in minor implementation details. We are
careful to preserve the spirit of the original text. As such, it is
a faithful representation of Bentham’s hedonic calculus.

As one might imagine, calculating an agent’s happiness
is not particularly straightforward. Bentham also grappled
with this problem; he approached it by identifying aspects
of happiness (which he termed circumstances) that he
felt are more easily quantified. While Bentham does not
provide a formulaic way of combining these circumstances
(as the computational language to describe this did not
exist in his day), it is clear he believed happiness was
quantifiable. We modernize his approach by thinking of these
circumstances as variables, which, when quantified together,
produce a formulaic representation of an agent’s happiness.
We use Bentham’s variables to calculate happiness in line 6
of Algorithm 1.

We do not argue that Bentham’s approach to quantifying
happiness is in some way definitive. Bentham had no concep-
tualization of computation in the same way we do today, and
in the centuries since his initial work was published scholars
have iterated upon his ideas for quantifying happiness. As our
first foray into socio-ethical decision models, we focus only
on Bentham’s thoughts as presented rather than attempt to
capture the entire body of work in quantifying happiness.

2We define the utility lost as aggregate unhappiness.
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A. THE VARIABLES OF BENTHAM'S HEDONIC CALCULUS
In our digital terrarium, we represent an agent’s change in
happiness as the relative gains of sugar and spice from taking
a given action. Bentham defined seven variables to help
quantify the utility associated with taking a given action:
intensity, duration, certainty, propinquity,> fecundity, purity,
and extent. In each timestep of our simulation, every agent
computes our modernized interpretation of these variables
prior to taking an action. We refactor Bentham’s variables
using appropriate modern computational terminology and
describe them from an agent’s point of view in Table 2.

Since an agent’s happiness depends in part on the
extent variable, each agent’s utility is now entangled with
the happiness of other agents in the digital terrarium.
As such, a given agent’s selected action must necessarily
consider the overall happiness of nearby agents. Bentham
defines fecundity and purity as having distinct characteristics
from the other circumstances. He referred to these two
circumstances as properties [8] which we interpret to mean
that he struggled with quantifying these concepts. The
closest computational interpretation of these two variables
is as probabilities (i.e. the likelihood that the corresponding
event occurs). However, in most cases, one must calculate
the magnitude of future rewards to determine the desired
probability. In truth, magnitude is the actionable information
for these variables. As a result, our implementation predicts
this future magnitude directly instead of via an indirect
probability.

Implementing these variables and calculating an overall
utility is not as easy as it might seem. Each variable interacts
with the simulation state and the list of enabled features
for a given simulation run in complex ways. Refactoring
Bentham’s variables for every combination of available
features is one of the most challenging portions of this work.
The intellectual depth of this aspect is significant and requires
care and mathematical rigor to achieve sensible, consistent
results.

Utilitarianism has great promise in computational contexts
because of its inherent computability and its metaphorical
similarity to much of the work in the artificial intelligence
community. There are some complications with using
utilitarianism carelessly, however. For example, this ethical
theory implies that one can compare the utility of traditionally
incomparable objects or ideas like freedom, art, a person’s

3 Also called proximity in the source text and in other referential works.
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dignity, or the proof of a theorem. Ultilitarianism also
presumes that future consequences can be accurately defined
(in terms of happiness), computed, and incorporated into a
decisionmaking process now, which may not be a reasonable
assumption for a particular simulation environment.

Practically speaking, resolving this assumption requires
heuristics and becomes little more than an informed pre-
diction as one approaches the horizon of computability.
Importantly, scholars of ethics generally understand applying
utilitarianism as a process of evolving estimations of ever-
changing possibilities inherent in every action. In this sense,
our inability to fully compute utility at all of these complex
and subjective registers mirrors the struggle of individual
agents who make decisions in the world.

B. AN EQUATION FOR CALCULATING HAPPINESS
Bentham’s intent was to quantify the overall hedonistically-
motivated happiness of individual agents as they make
decisions toward the collective good. Equation 1 shows
how we incorporate Bentham’s variables into the utility
calculation in Algorithm 1. The happiness (h) of an action’s
consequences is determined by both immediate and future
rewards. The certainty (c¢) and propinquity (p) weigh the
happiness by its likelihood and delay in its occurrence. The
extent (e), intensity (i), and duration (d) are the components
of the immediate reward. The future extent (er), future
intensity (i), and future duration (dy) comprise the estimated
future reward and are modified by a pre-defined discount
factor (y).*

h=cp[eli+d) + yer(is +dp)] M

The Bentham circumstances fecundity and purity are
implicitly captured in the future reward. We represent these
ideas as magnitudes of happiness rather than as modeled
probabilities. In our reading of the source material, Bentham
clearly had the right idea that future consequences (which
are inherently hard-to-predict) ought to be modified by some
discount as one approaches the forecasting horizon. However,
the computational language to describe this concept did not
exist in his day.

Intuitively, this mathematical structure can be understood
as a form of weighted average. An agent calculates the
likelihood of an event and multiplies it by its happiness
score. In this sense, cp is the weight that scales the happiness
score by its probability of occurrence. The remainder of
the expression calculates the happiness score in two parts:
the current reward and the future reward. The future reward
is discounted by y to reflect the uncertainty of this future
happiness.

In each Sugarscape timestep, agents take turns moving,
interacting with the environment, and interacting with their
neighbors. The turn order is randomized each timestep, and
one agent’s movement inherently affects subsequent agents.
The timesteps then become a Markov decision process. One

4We set y t0 0.5, but 0 < y < 1 suffices to provide the necessary decay.
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way to calculate a rational utility measure in a Markov
decision process is to use a Bellman equation [76], [77]:

V*(s) = max Z T(s,a,s)[R(s,a.s)+yV*sH] @

s

Here, V*(s) represents the expected utility of starting
in state s and acting optimally. When choosing among
actions a from s, the rational choice is to select the action
corresponding to the largest utility, or in our case, happiness.
Future rewards depend only on s (the state resulting from
action a) and are discounted by 0 < y < 1, since
immediate rewards are more valuable than potential future
rewards. Equation 1 evaluates happiness in the same way.
In particular, T(s, a, s') is ¢p while the current and future
rewards correspond to e(i + d) and ef (i + dy) respectively.

C. ALTRUISM AND EGOISM

We have presented Jeremy Bentham’s hedonic act utili-
tarianism, but this is not the only ethical theory which
can be driven by the quantitative hedonic calculus. There
are two additional ethical decision models we implement:
ethical altruism and ethical egoism. Our implementations
for both are simple extensions of Algorithm 1. Rather
than defining these decision models only in Sugarscape
terminology, we first consider the self-driving car (which is
rapidly becoming the canonical example of an autonomous
decisionmaker [78], [79], [80]) as an explanatory vehicle.

A self-driving car maker includes software to handle all
sorts of treacherous road conditions. They are expected
to anticipate unlikely situations, but inevitably some self-
driving vehicle will be placed in a no-win scenario. The car
is essentially presented with a Trolley Problem [78] in which
the vehicle cannot avoid disaster, so it is given a choice: it
can save its passengers or it can save the bystanders of this
incident-in-progress. When the car chooses to save one group
it dooms the other to either death or horrible injury.

The vehicle’s ethical calculus is informed by the ethical
predispositions of the design team and company producing
its software. This forces potential passengers and the public
to place an immense amount of trust in companies to
roll out software which produces rational, reasonable, and
reproducible results to moral dilemmas. This requirement
of naive trust is likely an unsatisfactory condition for many
given rising calls for ethical guardrails in such systems [81].

All three ethical decision models vary in how they weigh
the importance of the individual and everyone else. Ethical
egoism is self-interest in the extreme, and an ethical egoist
makes choices based solely on what they gain. In the self-
driving car example, an egoist car will always save its
passengers at the expense of bystanders. Conversely, ethical
altruism places no emphasis on the self, and an ethical altruist
makes choices solely based on what is to the betterment of
everyone but themselves. An altruistic autonomous vehicle
will always save the bystanders and doom its passengers.
Utilitarianism is a balance between these two extremes
and places an equal importance upon everyone. A naive
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implementation of a utilitarian self-driving car would save
whichever group has more members, whether passengers or
bystanders. We present further nuance of these three models
in our digital terrarium.

D. BENTHAM'S HEDONIC CALCULUS IN SUGARSCAPE
By default, agents in Sugarscape greedily seek to maximize
the amount of sugar and spice they collect each timestep.
Their goal is to live as long as possible all the while repro-
ducing, engaging in trade, and more. We use Algorithm 1 as
a drop-in replacement for each agent’s default behavior.
Using the hedonic calculus, the goal remains the same:
agents are driven to maximize the collection of sugar
and spice. However, the hedonic calculus enables them to
consider the outcomes for themselves and those around
them. The action which produces the greatest utility is the
action which causes the agent and all other nearby agents
to experience the greatest amount of communal resource
gain (in terms of sugar and spice). This unlocks choices
previously unavailable to the agent including (but not limited
to) self-sacrifice for the greater good (for example, as an end-
of-life decision to unburden society), electing to collect fewer
resources to prevent a neighbor from starving, and collecting
fewer resources due to having less need than others.

VII. DIGITAL TERRARIUM IN ACTION

We briefly describe the standard configuration of our digital
terrarium when generating our experimental results. We cal-
culate agent and societal behavior for 5,000 timesteps for an
initial population of 250 agents; for scale, an arbitrary agent
can live up to 100 timesteps. Our experimental configuration
enables all features described in previous work [7] except for
seasons and pollution.’

This setup produces a rich and complex social structure
mimicking real human societies.® Some of the more impact-
ful features we enable are reproduction, trading, lending,
inheritance, cultural transmission, combat, and disease. With
these features turned on, the simulation is also configured
to have three starting tribes. A tribe is a group of agents
who share a similar set of cultural rags used to exert
cultural pressure upon others. Agents can engage in combat
with members of different tribes but not of the same tribe.
Additionally, there are 50 diseases initially spread across
the starting agents. We refer to a simulation instance as a
seed, and we report results as the average performance across
500 different seeds.

We use this uniform configuration to compare four
decision models: the naive greedy model from the source
text [6] (which we call Raw Sugarscape), an enhanced greedy
model which implements ethical egoism to score utility for
actions (called Egoist), a selfless model which implements
ethical altruism to score utility for actions (called Altruist),

SThese features are implemented but disabled for our experimentation.
SFull configuration at: https://github.com/digital-terraria-lab/sugarscape.
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and finally the hedonic act utilitarian approach using the
hedonic calculus (called Utilitarian).

Egoist, Altruist, and Utilitarian models all use Algorithm 1
and Equation 1. The Egoist model does not consider other
agents’ preferences when selecting an action. The Altruist
model does not consider the deciding agent’s preferences
when selecting an action. The Utilitarian model equally
considers all relevant agents’ preferences.

TABLE 3. Survival of decision models across 500 seeds.

Decision Model Extinct Worse Better
Raw Sugarscape 348 5 147
Altruist 344 10 146
Egoist 331 5 164
Utilitarian 0 0 500

In Table 3, we compare the trajectory of societies across
500 seeds after 5,000 timesteps: are they better off than their
initial state, worse off (or equal to) their initial state, or dead?
Table 3 presents a powerful and succinct summary of our
results: utilitarian decisionmaking appears to dominate the
other approaches. Even an arguably improved heuristic for
greedy decisionmaking (the Egoist model) does not make
a meaningful difference at a societal level. Of particular
concern is the large proportion of the non-utilitarian societies
that go extinct as they appear to be ill-suited to tackle the
challenges of adapting to an unknown, hostile environment.

An astute reader may wonder how we determine societal
success. This question is particularly relevant since the
easily available metrics from Sugarscape inherently reward
greedy behavior and seemingly favor the Raw Sugarscape
and Egoist decision models. Yet, the cooperative strength of
the Utilitarian model far outperforms all three other models
despite this implicit advantage for the two greedy models.

We demonstrate the success of the Ultilitarian model
over the other three across a variety of societal metrics
and across multiple experimental setups. These metrics are
representative of common-sense measures of societal success
and are readily computable in Sugarscape. We propose this
set of metrics as necessary pillars for successful societies.
Deficiency in any particular metric is indicative of potential
societal failure both within Sugarscape and, by analogy, the
real world. These metrics are not exhaustive. There may
be other equally important measures of societal success to
explore in future work.

In Section VII-A, we show the results of societies where all
agents adhere to the same model (homogeneous societies).
We then demonstrate the effectiveness of utilitarianism in
homogeneous societies but alter Algorithm 1 to vary the
degree of selfishness in the population. These results on self-
ishness are described in Sections VII-B—VII-C. We conclude
our experimental exploration in Section VII-D with societies
using multiple decision models (heterogeneous societies)
which acts as a third piece of evidence validating the
Utilitarian model’s benefits over the other three considered.
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Some minor notes on the computational horizon of our
simulation are provided in Section VII-E.

A. SOCIO-ETHICALLY HOMOGENEOUS SOCIETIES

We present the result of the same 500 seeds referenced in
Table 3 for societies which are entirely composed of Egoist,
Altruist, Utilitarian, or Raw Sugarscape adhering agents. The
simulation is deterministic. Each seed represents an initial
configuration, and deviations between runs of the same seed
are attributed solely to differences in decision model applied
(as each seed was run four times, once for each model).

We present useful metrics to assess aggregate societal
behavior across many seeds. Each metric highlights aspects
of successful societies without arguing that these metrics are
definitive or complete. When taken in aggregate, we show
that Utilitarian agent behavior leads to more promising
societies than those with entirely greedy or entirely selfless
agents.
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FIGURE 4. Agent population.

One obvious way to evaluate a society is through its pop-
ulation. In Sugarscape, a higher population corresponds to a
greater potential to collect resources from an environment.
In Figure 4, we provide the mean population across all seeds
per timestep. The Utilitarian model quickly achieves a steady
state population more than three times greater than the other
models. The Egoist model outperforms the Raw Sugarscape
model due to its improved heuristic for evaluating greedy
actions. The Altruist models only slightly underperforms the
Raw Sugarscape model. Altruist agents are prone to self-
sacrifice since they care only for the consequences of others
and not at all for their own (including premature death).

All four models experience an initial die-off period,
a rebounding population recovery, and a sustainable steady
population. Based on our observations, this precipitous
nosedive can be largely attributed to natural selection,
disease, and a predisposition for greedy agents to kill one
another for profit (or, in the case of altruism, selfless agents
engage in suicide for others to profit). We refer to this as
the murderous period, a dark age as societies stabilize in
hostile environments where a high risk of starvation implies
that killing other agents provides vastly more utility than
other available actions. Agents who survive the murderous
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period tend to be young, wealthy, and belonging to a dominant
cultural tribe.

Since the die-off rate during the murderous period is so
severe in the non-Utilitarian models, many societies simply
fail. The average steady state population of these models
is dampened by the seeds with O population. Regraphing
the results for only surviving societies still results in
a significantly lower population compared to Ultilitarian
societies.
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FIGURE 5. Agent mean time to live.

As seen in Figure 5, the Utilitarian model also performs
better when considering the agents’ mean time to live (TTL).
An agent’s TTL is the number of timesteps it can survive
given its current resources, metabolism, and predetermined
maximum age. TTL is a reflection of the quality of an agent’s
life (i.e. a high TTL corresponds to a longer horizon for a
happier life). Combining the observations from Figures 4
and 5, we argue there are more agents, and they are living
better with the Utilitarian model than without.
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FIGURE 6. Mean deaths per population.

One would expect that overall deaths per timestep would
be lower for successful societies. Surprisingly, Figure 6
shows that utilitarian societies have a slightly higher death
rate, whereas the other models have very few deaths after
the murderous period. We calculate this metric scaled by
population, otherwise utilitarian societies (with a relatively
high population) would be unduly penalized by the magnitude
of their death toll.

Unlike Egoist, Raw Sugarscape, and Altruist agents,
Utilitarian agents engage in a democratic process before
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FIGURE 7. Agent mean age at death.

suffering catastrophic consequences for themselves. Doomed
agents protest loudly (by expressing their unhappiness in
Algorithm 1), however that desire may be drowned out
by the overwhelming happiness observed by other affected
agents.” Furthermore, agents who are otherwise doomed
may choose to take end-of-life decisions and pass along
wealth for the good of society. These phenomena result in a
higher occurrence of death in exchange for greater societal
prosperity. As a partial confirmation of its net good for
society, Figure 7 shows that Utilitarian agents, while dying
more frequently, led far longer and richer (i.e. happier) lives
prior to their demise.
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FIGURE 8. Total societal wealth.
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FIGURE 9. Agent mean wealth.

Total wealth in the society is an alluring metric for
measuring its success. However, as seen in Figure 8, this

TWe acknowledge that this unsettling scenario is a key criticism of hedonic
act utilitarianism; our goal in this work is to evaluate socio-ethical theories
as proposed, not as we wish they could be.
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metric mirrors total population since more agents will
naturally collect more wealth than fewer agents. Yet when we
look at an individual agent’s average wealth (Figure 9), we see
that the other models outperform the Utilitarian model.

After some consideration, one might conclude that since
greedy models emphasize individual accumulation over most
other priorities, it is not altogether surprising that the data
corroborates that logic. What is not readily apparent is that
the cost of attaining this larger individual accumulation is
a commensurately large number of dead agents (and dead
societies) that do not register in the wealth calculation.
Accounting for those aspects, the benefit of this behavior is
not clear.

For the Altruist model, it is not greed which drives higher
mean wealth. Rather, the few agents who are not placed in a
position to deferentially commit suicide end up accumulating
wealth unabated by others. They bunch up in enclaves of
the same tribe where no combat is possible and where self-
sacrifice is less likely to occur when alternatives (such as
trading or lending) are available.

Among the homogeneous society experiments, it is clear
the Utilitarian model is predominate according to the metrics
analyzed. The two metrics where Utilitarian societies did
worse than the others (mean deaths per timestep and mean
agent wealth) are readily qualified by circumstances present
in the other societies: in the other models so much of
society is violently culled during the murderous period that
the remaining agents are either spread far apart or are in
enclaves of a single tribe. The lack of competition takes away
opportunities for greedy agents to engage in predation and
for selfless agents to engage in wasteful self-sacrifice. For all
other metrics, Utilitarian societies are far and away the most
successful and stable societies.

Algorithm 2 Modified Hedonic Calculus
Given an action a from a set A of available actions
Given a decisionmaking agent d
Given a set P of people most affected by action a
s <— d’s selfishness factor
utility < 0
forallp € Pdo
hp.a < p’s happiness resulting from action a
if p # d then
utility < utility + (1 — 8) * hp o)
else
utility < utility + (s * hp q)
end if
: end for
return utility

R e A A S ol S
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B. NOTE ON SELFISHNESS

A significant aspect of Bentham’s hedonic act utilitarianism
is its emphasis on egalitarian decisionmaking. Everyone is
treated equally; only the consequences they experience are

VOLUME 12, 2024



N. Kremer-Herman et al.: Blueprints for Machine Ethics: A Digital Terrarium

IEEE Access

of any importance. This is not true of egoism and altruism.
We modify Algorithm 1 to adjust for altruism and egoism
by introducing a selfishness factor to the decisionmaker.
In Algorithm 2, the selfishness factor of the decisionmaker
is the weight they provide to their own consequences versus
the consequences for others.

An egoist agent has a selfishness factor of 1.0 while an
altruist agent’s selfishness factor is 0.0. These represent the
two extremes of pure selfishness and pure selflessness. The
utilitarian is in the middle with a selfishness factor of 0.5.
Accordingly, this results in the consequences for all agents
being of equal importance (i.e. everyone’s happiness score is
modified by a factor of 0.5). These variances in selfishness
have profound societal impacts.

TABLE 4. Effect of selfishness factor across 500 seeds.

Selfishness | Extinct (%) Worse (%) Better (%)

0.00 68.8 5.0 29.2
0.01-0.05 1.5 0.2 98.3
0.06-0.10 1.8 0.2 98.0
0.11-0.15 1.6 0.1 98.3
0.16-0.20 1.4 0.0 98.6
0.21-0.25 1.3 0.1 98.6
0.26-0.30 1.5 0.0 98.5
0.31-0.35 1.3 0.0 98.7
0.36-0.40 14 0.1 98.5
0.41-0.45 1.4 0.1 98.5
0.46-0.49 1.4 0.0 98.6

0.50 0.0 0.0 100.0
0.51-0.55 1.2 0.0 98.8
0.56-0.60 1.1 0.0 98.9
0.61-0.65 1.0 0.1 98.9
0.66-0.70 0.9 0.1 99.0
0.71-0.75 1.1 0.1 98.8
0.76-0.80 1.6 0.1 98.7
0.81-0.85 4.6 0.2 95.2
0.86-0.90 19.5 0.9 79.6
0.91-0.95 56.2 1.4 424
0.96-0.99 67.2 1.0 31.8

1.00 66.2 1.0 32.8

C. VARYING SELFISHNESS FACTOR

We experiment with varying the selfishness factor of agents to
determine just how much and how little greediness is required
to result in poor societal outcomes like those shown for the
Altruist and Egoist models in Table 3. The Altruist, Egoist,
and Raw Sugarscape decision models performed similarly
(and poorly) in our previous results across a variety of
societal metrics. We concluded that the Utilitarian model is
far superior to these other three, but it could be possible that
a selfishness factor of 0.5 (as in the Utilitarian model) does
not yield optimal outcomes.

We ran our Sugarscape simulation across the same
500 seeds used previously. We varied the selfishness factor for
each seed from 0.0 to 1.0 in 0.01 increments (i.e. we explore
the full range of 0% to 100% selfishness). Each society is
homogeneous as in the previous results in that all agents in
a given simulation run have the same selfishness factor and
use the modified hedonic calculus in Algorithm 2. Our results
reinforce the effectiveness of the Ultilitarian decision model,

VOLUME 12, 2024

show that the failures present in the Altruist model are easily
sidestepped, and demonstrate high societal volatility at high
selfishness factor as in the Egoist model.

Table 4 shows the effects of selfishness factor on overall
societal success using the same categories from Table 3:
extinct, worse, and better. We highlight selfishness factors
0.0 (Altruist), 0.5 (Utilitarian), and 1.0 (Egoist) which match
the values from Table 3 exactly. The remaining values are
collapsed into groups for readability. The trends are apparent,
however. Even the slightest bit of selfishness is enough for
largely altruist societies to escape the societal failures of
the extreme Altruist model. On the opposite end, there is
a tipping point and longer tail in selfishness where society
becomes less successful until eventually descending into the
poor results of the extreme Egoist model.
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FIGURE 10. Societal population and selfishness.

We provide the same societal metrics discussed previously.
Instead of plotting by time, we plot by selfishness factor.
Beginning with population, Figure 10 shows the median
value of mean population across all 500 seeds per percent of
selfishness. The median value is bounded below by the first
quartile and above by the third quartile shown as dotted lines.

We see that even the slightest bit of selfishness is enough to
pull the Altruist model into success. The pure Altruist model
encourages agents to engage in self-sacrifice whenever other
agents are even mildly inconvenienced. A common form
of self-sacrifice in these scenarios is suicide (by voluntary
starvation or by moving to a cell within range of a combatant).
A hint of self-interest is enough for an agent to overcome the
complaints from others being inconvenienced if it would lead
to an unnecessary, early death for the acting agent.

On the other end, there is a longer tail descending toward
societal collapse with greater selfishness factors. The more
selfish agents become, the more their own voice shouts down
the complaints from others. This is especially harmful in
cases where an agent behaving selfishly causes the deaths
of others (even in cases where the acting agent’s survival
is not at risk). The more selfish the society, the more
volatile its outcomes. The distance between the median and
quartiles increases demonstrating that selfish societies have
the potential to be marginally successful, but there is also
greater risk that society will collapse.
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FIGURE 11. Total societal wealth and selfishness.

As previously, societal wealth tracks population. Figure 11
reiterates this. By itself, the result is largely uninteresting.
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FIGURE 12. Agent mean wealth and selfishness.

However, mean wealth is more informative. Figure 12
shows a similar trend to Figure 9: the more Utilitarian the
society, the lower the mean wealth. This taken alone might
signal a failure in the Utilitarian model, but our previous
results show that these more cooperative agents are simply
content living with a lower drive to accumulate wealth. In the
more greedy end of selfishness factor, mean wealth is higher
at the cost of poor societal outcomes (i.e. a few rich succeed
while all others fail) and similarly the Altruist model has
higher wealth due to the few agents remaining after rampant
self-sacrifice being able to collect resources unobstructed.
With less competition, agents can accumulate wealth without
inconveniencing others. We again see the increased volatility
at the high end of the selfishness factor values.

Figure 13 shows that mean time to live (TTL) has a similar
trend to the other metrics. The more selfish the society, the
greater its volatility. This volatility represents not only a
disparate set of outcomes due to rampant competition but
also an increased sensitivity to the initial conditions of the
simulation. Some seeds result in an initial placement of agents
and diseases as to encourage conflict and contagion. Selfish
societies (and self-sacrificing societies in the extreme) cannot
adapt and overcome these hurdles in most cases. Additionally,
the increased selfishness results in a lower TTL as the wealthy
agents prosper while the poorer agents suffer (and die young).
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FIGURE 13. Agent mean time to live and selfishness.
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FIGURE 14. Mean deaths per timestep and selfishness.

The intuition that agents in highly selfish societies suffer
is in part confirmed in Figure 14 which plots the mean deaths
per timestep. Besides the extremes, the overall deaths per
timestep is quite low across almost all selfishness factors.
However, the trend begins to change around 85% selfishness
as the volatility begins to increase. There is a drastic spike
after 90% selfishness, indicating incredibly greedy societies
risk becoming a meatgrinder where up to a fifth of all
agents die per timestep. This kind of nightmarish volatility
is indicative of a failed society.
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FIGURE 15. Agent mean age at death and selfishness.

The intuition of agents suffering in selfish societies is
further confirmed in Figure 15 which plots the mean age
at death. At the extremes, agent die young. In high greed
societies, the volatility is again high. The median is a paltry
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20 timesteps while at best they are as good as the Utilitarian
model’s performance.

In this series of experiments with a homogeneous popula-
tion with varied selfishness, we demonstrate the Utilitarian
model remains the best performing of the decision models
under study. However, the egalitarian approach in the hedonic
calculus is not the only way to ensure relative societal
success. Any slight amount of self-preservation addresses
the pitfalls of the Altruist model. Societies which are mostly
altruistic (while not strictly adhering to the Altruist model’s
0.0 selfishness) perform on par with Utilitarian societies. This
cannot be said for highly greedy societies which fall short
of the 1.0 selfishness of the Egoist model. There is a longer
tail toward societal collapse than on the Altruist end of the
spectrum, and this longer tail also comes with instability.
Societal survival becomes a roll of the dice which is an
unappealing prospect.

D. SOCIO-ETHICALLY HETEROGENEOUS SOCIETIES

We introduced four different decision models (Raw Sug-
arscape, Altruist, Egoist, and Ultilitarian) and compared
their societal outcomes side-by-side. We then compared the
performance of societies with different selfishness factors.
However, in these experimental setups the entire society of
agents behaved in only one way; they adhered to a single
decisionmaking principle. Real life is not so simplistic;
societies are composed of citizens with differing beliefs.
We present experiments with mixed decision models across
the same set of seeds and retain the configuration options used
previously.

We consider a more realistic, heterogeneous population
composed of a mix of Egoist and Utilitarian agents. We ignore
the Raw Sugarscape model, since the Egoist model is
a more refined heuristic for greedy behavior. Our initial
inclusion of the Raw Sugarscape decision model in the
homogeneous results is purely for backward readability of
Growing Artificial Societies [6]. We also ignore the Altruist
model since we have established that pure Altruist societies
quickly degenerate into rampant self-sacrifice which causes
destabilization.

For each seed, we consider different mixes of populations
in 1% increments ranging from 0% Ultilitarian agents (i.e.
all Egoist agents) to 100% Ultilitarian agents (i.e. no Egoist
agents). One might expect, based on the results of the
homogeneous society experiments, that the more utilitarian
a society, the more likely it is to succeed. We validate this
expectation as a final piece of evidence for our conclusion
that the Utilitarian model presents the best outcomes among
the four decision models considered.

We begin our analysis the same way as in the single model
runs: population. A large population is a strong indicator of
a successful society. Figure 16 shows the increase in mean
population across the 500 seeds based on the percentage of
Utilitarian agents present at the beginning of the simulation.
We plot the median of mean populations and one quartile
above and below the median shown as dotted lines. Note that
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FIGURE 16. Heterogeneous societal population.

the 0% and 100% values match the values for the Egoistic and
Utilitarian homogeneous society runs respectively.

It should not be surprising to the astute reader that
mean population rises as the relative number of Utilitarian
agents increases. After all, the more that agents engage in
cooperative decisionmaking, the more effective that society
becomes at making community-scale choices. What is more
interesting is the progressive reduction in volatility as the
percentage of Utilitarian agents increases. In other words,
as the ratio of Utilitarian agents increases, a society’s
population converges more reliably to the median and we see
fewer outliers. This provides a second way of seeing the same
trend in Figure 10 from the selfishness factor experiments.
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FIGURE 17. Heterogeneous total societal wealth.

As we noted for Figure 8, the total wealth in a society
corresponds to the population. As such, Figure 17 is a
reiteration of the results of population. The noisy Egoist
societies have less total wealth due to fewer agents, and
the Utilitarian societies have more wealth and are incredibly
stable.

Mean wealth per agent tells us a bit more of the story.
Figure 18 shows the tradeoff between Egoist and Utilitarian
societies in a way which is obfuscated in Figure 9 for the
homogeneous society runs. We see that having a moderate
amount of Utilitarian agents (up to roughly 40%) does not
meaningfully reduce the average wealth per agent.

After roughly 40% Utilitarian agents in the society,
there is an inflection point where the emergent, societal-
level behavior switches from that shown in the Egoist
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FIGURE 18. Heterogeneous agent mean wealth.

homogeneous results to the Utilitarian homogeneous results.
For population, societal wealth, and mean agent wealth, this
inflection point is quite clear. Society becomes infused with
enough cooperative agents to trend societal behavior toward
Utilitarian outcomes. As such, volatility begins to reduce
(sharply declining around 60% Utilitarian agents). The
median value for each of these metrics quickly approaches
the value for a homogeneous Ultilitarian society.
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FIGURE 19. Heterogeneous agent mean time to live.

Mean time to live (TTL) presented in Figure 19 shows a
slight, steady incline from the full Egoist to full Utilitarian
outcome. The lack of sharp changes around 40% Ultilitarian
population is due to the relatively small difference between
the Egoist and Utilitarian models’ median performance. The
fairly smooth incline of the median value is mirrored by
an equally smooth contraction of the volatility in mean
TTL. Agents, on the whole, are holding enough resources to
continue living longer the more cooperative decisionmaking
occurs in the society.

The volatility regarding deaths is most striking among
the heterogeneous society results. Figure 20 shows the
median value for mean amount of deaths per timestep as a
percentage of the population size across all seeds. The median
value remains largely static after 40% Ultilitarian agents in
the society. This is accompanied by a sharp, nearly total
elimination, of volatility in the amount of death per timestep.

Majority Egoist societies are subject to either rampant
death (due to greedy competition) or very little death (due
to the initial murderous period leaving only the rich and
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FIGURE 20. Heterogeneous mean deaths per timestep.

powerful remaining). Societal success according to amount
of death in these societies is not only hard to predict due
to this volatility, but this volatility alone is a marker that
these societies are not successful. For an agent living in such
a society, their life (and death) becomes a roll of the dice
whereas in Ultilitarian societies the probability of random
death sharply decreases.
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FIGURE 21. Heterogeneous agent mean age at death.

We have shown that agents in Utilitarian societies live
longer according to Figure 7. The heterogeneous society
result shown in Figure 21 validates this observation and
shows a decrease in volatility for mean age at death the more
Utilitarian the society. Again, the inflection point at 40% and
the drastic reduction of volatility at 60% Utilitarian agents
further reinforces there is some critical mass needed for
the emergent, societal-level behavior to become cooperative
where it was once greedy. Taken together with mean deaths
per timestep and mean TTL, the increase in mean age at
death shows that the more cooperative (Utilitarian) a society
becomes, the more likely it is an agent will know it will die
at a relatively old age, without fear of starvation, and in a
relatively safe environment without rampant killing.

Table 5 shows the survivability of societies as the
percentage of Utilitarian agents increases. Unsurprisingly,
the more Utilitarian a society becomes, the more likely the
society will end up better off at the end of the simulation
from where it started. We note that the previously identified
inflection point of 40% Ultilitarian agents corresponds with
a significant outcome: societies with at least 40% Ultilitarian
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TABLE 5. Effect of mixing models across 500 seeds.

% Utilitarian | % Extinct % Worse % Better

0% 66.2 1.0 32.8
1-5% 66.76 1.92 31.32
6-10% 65.4 1.12 33.48
11-15% 61.92 1.24 36.84
16-20% 58.28 1.2 40.52
21-25% 52.52 1.36 46.12
26-30% 52.52 1.16 46.32
31-35% 50.36 1.64 48.0
36-40 % 44.0 1.32 54.68
41-45% 34.6 0.96 64.44
46-50% 30.68 0.64 68.68
51-55% 29.96 0.8 69.24
56-60% 24.68 0.72 74.6
61-65% 21.04 0.64 78.32
66-70% 19.08 0.44 80.48
71-75% 14.28 0.32 85.4
76-80% 10.28 0.48 89.24
81-85% 7.84 0.52 91.64
86-90% 44 0.08 95.52
91-95% 1.96 0.2 97.84
96-99 % 1.35 0.05 98.6
100% 0.0 0.0 100.0

agents end with a better population more than half the time.
The second identified inflection point of 60% also marks
a milestone: these societies end up better off three quarters
of the time. A fully Utilitarian society all but guarantees a
successful society, and there is an incredibly high likelihood
of success after reaching the 80% mark which is also reflected
across the metrics discussed previously.

E. A NOTE ON THE NUMBER OF TIMESTEPS

An astute reader may be curious whether ending data
collection at 5,000 timesteps is sufficient for observing the
hypothesized behavior. After all, it is possible some emergent
societal behavior, programming error, or configuration mis-
alignment could cause a severe population collapse to occur at
timestep 5,001. We demonstrate the robustness of our results
in Table 6 which shows a summary for the same 500 seeds
used in our experiments for each decision model out to 50,000
timesteps.

Like Table 3, runs of the simulation end in societal
extinction, a final population which is worse off than (or
equal to) the starting population, or a better population. The
values for each category stabilize at 5,000 timesteps and show
only minor improvement when running the simulation for the
same seeds out to 50,000 timesteps. This incredible stability
is convincing evidence that once a society has entered into
a steady state, it is almost guaranteed to remain in that
steady state. This steady state is representative of a society
which has adapted to the ecological carrying capacity of its
environment.

There could be a possibility that societal collapse could
occur at timestep 50,001. However, this line of inquiry
quickly descends into trying to solve a Halting Problem [82],
[83]. By demonstrating societal stability out to so many
generations, we make the reasonable assumption that no such
surprise population death spiral exists after the 5,000 timestep
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mark. This observation of a steady state (or equilibrium) is
validated in the literature for other complex systems [61].
In other words, if a society remains alive at 5,000 timesteps,
it is incredibly likely to remain alive.

VIil. SUMMARY OF RESULTS

We have rigorously demonstrated that the Utilitarian decision
model leads to more prosperous outcomes in our digital ter-
rarium than the other three models. In all cases investigated,
Utilitarian societies always had larger, longer-lived popula-
tions with excess societal wealth at their disposal. This pattern
is not true for the Raw Sugarscape, Egoist, and Altruist
models where more than half of their societies collapsed, and
agents often died young and in an impoverished state.

While these other three models do have slightly less agent
death and higher average agent wealth, we show that these
seemingly positive outcomes have actually come at the cost
of great societal pain. The cases where these other models do
survive nearly succumb to an initial murderous period which
Utilitarian societies quickly overcome. The few benefits of
living in a greedy, hyper-individualistic society are therefore
built on the backs of the many dead and impoverished agents
left behind in the wake of the successful few. Likewise, the
seemingly pleasant deference in Altruist societies result in
rampant and wasteful self-sacrifice which oxymoronically
leads to similar societies as the greedy models: exceedingly
few remaining agents, likely part of a single dominant tribe,
who are free to accumulate wealth while any remaining
stragglers live nasty, brutish, and short lives [84].

Our faithful reimplementation of Sugarscape in this work
leads us to evaluate societal success based on fundamentally
greedy metrics. In this environment, one would presume that
locally greedy decision models (such as Raw Sugarscape
and Egoist) would far outperform more moderate, forgiv-
ing, or considerate decision models. Bentham’s hedonic
act utilitarianism calculates societal welfare collectively
considering all stakeholders’ preferences irrespective of
the individual decisionmaker’s personal biases. However,
modern philosophers have long criticized Bentham’s work as
more closely aligned to capturing economic circumstances
than more abstract notions of value even though Bentham
clearly defined pleasure more broadly than simply as a
metaphor for financial status. In this sense, the results of
our experiments are indeed not surprising at all: Bentham’s
utilitarianism appears to do an excellent job of reaching
economic success while incorporating the voices of many
agents as a cohesive whole.

To capture the spirit of Bentham’s notion of pleasure,
we need to find a quantitative reward for actions that we
know provide more abstract qualitative value to an agent
and the society as a whole. For example, though teaching
usually has some explicit financial gain, it is equally clear
that teachers also provide non-monetary, qualitative value for
society. In this sense, our work is incomplete; we only capture
a fraction of the full utility to which Bentham aspired. There
is real work to be done in broadening our digital terrarium’s
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TABLE 6. Decision model success across various runtimes.

500 Timesteps 5,000 Timesteps 50,000 Timesteps
Decision Model Extinct Worse Better | Extinct Worse Better | Extinct Worse  Better
Raw Sugarscape 346 8 146 348 5 147 348 5 147
Altruist 343 13 144 344 10 146 344 8 148
Egoist 329 7 164 331 5 164 331 4 165
Utilitarian 0 0 500 0 0 500 0 0 500

resource collection viewpoint to also incorporate these more
holistic notions of value.

IX. REPRODUCIBILITY OF EXPERIMENTATION

The results of this work are eminently reproducible. Our
Sugarscape implementation is deterministic and is driven by
a user-defined configuration file written in JavaScript Object
Notation (JSON).® Full software requirements are provided
in the README of the software repository, but as a highlight
the simulation is designed to run on Linux (and likely runs
on other mostly POSIX-compliant operating systems) and
requires Bash and Python 3. The simulation has a graphical
mode which requires a system installation of tk and the
tkinter Python module. The results provided in this work were
created using the v2024 .1 release. Running the software
using a different release will produce similar but not exact
results as new features are added and bugs are fixed.

By passing in a configuration as a command line option,
one can exactly reproduce the outcome of a given simulation
run. We provide the configuration files to reproduce our
findings.” The configurations are located in four zipped
archives:

e blueprints—homogeneous.zip contains all the

configurations for the initial homogeneous society runs.

e blueprints—-selfishness.zip contains all the

configurations for the varied selfishness factor runs.

e blueprints—heterogeneous.zip contains all

the configurations for the mixed model runs.

e blueprints—runtimes.zip contains all the con-

figurations for the varying runtime note.

When extracted, the configuration files can be fed directly
into the simulation software. The simulation takes a single
configuration for execution. To run just one iteration of the
simulation with one configuration file, provide the following
command (using the system’s proper Python 3 alias):

> python sugarscape.py —-c <CONFIG>

To run a full set of experiments, for instance the
blueprints-homogeneous runs, the top-level config-
uration file config. json will need to be modified. The
property specifying how many iterations of the simulation
will be allowed to run in parallel on the local machine is called
numParallelSimJobs. Scale this number according to
the number of CPU cores or hardware threads available in

8Software at: https://github.com/digital-terraria-lab/sugarscape.
9Configurati0n files at: https://github.com/digital-terraria-lab/datasets.
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the machine (minus necessary resources for the operating
system). The simulation uses main memory fairly efficiently,
so the number of cores is the bottleneck of parallel data
collection. The configuration files to use should be placed
in the data directory of the simulation repository as the
execution script uses this as a source to check for existing
configurations which do not have a completed log file.
Before performing data collection locally, running make
setup performs low-effort checking for a local installation
of Bash and Python 3. It will then set values in the
provided Makefile and config. json accordingly. The
make data command will run the data collection, and
the make plots command will attempt to generate the
graphs in this work via the gnuplot graphing software.
We note the included plotting script is written with the
blueprints-homogeneous dataset in mind, and mod-
ification will be necessary for generating the other graphs
provided in this work. To generate an entire dataset from start
to finish and produce graphs, run the following commands:

> make setup
> make data
> make plots

If a distributed data collection approach is preferred, the
simulation repository can be readily extended to accommo-
date. This work utilized the Open Science Grid (OSG) [85]
and the HTCondor batch system [86] to perform much of
the data collection, and we used the Makeflow scientific
workflow management system [87] to structure the jobs
submitted to HTCondor. A script can be easily written to
create a batch job for each configuration file in the dataset,
submit them, and manage their execution. We encourage this
approach for more time-efficient reproduction of our results.
Note: in practically all distributed execution engines, expect
there to be a long tail of total runtime where some straggler
jobs take far longer than most to finish. This is most often due
to heterogeneity in resources, limited availability to resources
at the execution site, or a high load on the system causing all
jobs to run slowly on certain execution sites. It may be useful
to cancel those straggler jobs when the number of outstanding
jobs is small enough to quickly run locally as running make
data will only (re)run configurations which do not have a
matching and complete log file in the data directory.

X. CONCLUSION AND FUTURE DIRECTIONS
We demonstrate that cooperative societies (composed of
utilitarian agents) outperform societies where agents act
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in their own (greedy) interests and where agents engage
in wasteful self-sacrifice. In particular, using our digital
terrarium, we show that utilitarian societies: are more than
thrice as likely to survive any given initial landscape, are
nearly six times as populous as greedy and selfless societies
on average, and their agents live three times longer lives than
their greedy and selfless counterparts.

When varying the degree of selfishness in society, we show
that societal survival is practically guaranteed when agents
are between 5% and 85% greedy. Such societies attain the
performance of the Utilitarian model while the margins
outside the range are volatile and prone to failure. When
mixing agents with different selfishness factors in the same
society, we demonstrate that there are two inflection points.
At 40% Utilitarian agents in society, moderate success
is achieved. At 60% Utilitarian agents in society, the
success approaches that if society was composed entirely
of Utilitarian agents. This is further borne out in societal
survival. At the 40% mark, societies survive more often than
not. At 60%, societies survive three-quarters of the time. This
survival rate continues to climb the more Utilitarian agents
there are in society.

Our results are quite promising: aside from showcasing
how much larger, healthier, and more productive utilitarian
societies are than fundamentally greedy or selfless societies,
we also make a strong case for the usefulness of our
digital terrarium in comparing ethical decision models (in
our case: Raw Sugarscape, Egoist, Altruist, and Utilitarian).
A key motivation of this project is to provide off-the-
shelf reference implementations of popular ethical theories
for use in industry applications. We provide a faithful
algorithmic representation of Jeremy Bentham’s hedonic act
utilitarianism, drawn from the original source text [8] and
modify it with ethical egoism and ethical altruism. These
implemented ethical decision models are simply a starting
point for future work.

A. FUTURE WORK

There are many rich and obvious directions to expand
this research area. Adding new features to our digital
terrarium seems most straightforward; since Sugarscape is
a metaphor for real human societies, any model that more
closely represents human societies will lead to higher fidelity
inferences. Some feature enhancements include: some form
of representing social class, distinctions between leaders
and followers within tribes, natural disasters, and more
thorough climate modeling. These (or other) features would
make the simulation more dynamic, complex, and realistic.
We particularly invite collaboration with scholars from
various fields to add features which accurately represent the
contributions of their disciplines in fulfillment of our claim
made with Figure 2.

Another avenue would be the expansion of our stable of
ethical theories implemented as decision models. Related
work [38] demonstrated the beginnings of an implementation
of Aristotle’s virtue ethics [88] in Sugarscape. A more
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complete implementation of Aristotle’s ethics is appealing
both because it is incredibly popular and it is not a conse-
quentialist ethic (like utilitarianism, egoism, and altruism).

There is rich complexity involved with Aristotelian virtue
ethics since agents determine their action based on intention
rather than calculated consequences. Addressing this com-
plexity would allow us to make direct comparisons between
the outcomes of utilitarianism and Aristotelian virtue ethics.
This would allow us to perform richer, more realistic
experimental comparisons of socio-ethical theories in action.

However, the most tantalizing future direction is a more
thorough accounting of all factors in the simulation which
lead to prosperity (especially non-economic factors). Jeremy
Bentham did not intend for utilitarianism to simply be an
economic tool, and he wrote at length about the many
different causes of pleasures and pains in life [8]. In our
pursuit of this accounting, we need some function to quantify
factors in the environment and in agent lives which are
seemingly incomparable or inherently qualitative. This is
necessary to fulfill Bentham’s promise that the hedonic
calculus can derive a quantitative scoring of utility from all
relevant factors.

Our first inclination is to represent this as a new resource
agents can collect. Sugar and spice are collected from
the environment, but this third resource (which we will
call nice) can be collected as a reward for ethical agent
behavior and can be traded as transactions of societal
goodwill. We must take care not to overly economize this
new nice currency. This concern along with the creation
of a function to quantify non-economic factors are both
significant challenges. By overcoming these, we can use nice
as an agnostic means of quantifying societal success which
means it is the best candidate for making direct comparisons
between unalike decision models (such as utilitarianism and
Aristotelian virtue ethics). Further, this will liberate our
agents from acting as homo economicus [89], constrained
to over-rationalized choices. This allows further decision
models patterned after Feminist ethics or Confuscian ethics,
among others, to be realized.

B. PARTING THOUGHTS ON THE COMPUTATIONAL
TRACTABILITY OF ETHICS

All decisions and behaviors are ethical, in some way. If a
decision can be computed, it is no less ethical than if the
choice were made by a human person. So, one can say: a
computer makes decisions according to its best guesses at
some logic of ethics. Taking Sugarscape as originally written,
with its greedy agent behavior, we have already coded ethical
behavior into an autonomous agent before introducing the
richness of our decision layer.

This default, greedy behavior is more or less following the
logic of egoistic ethics. Is egoism a form of ethical reasoning?
Yes! Is it good ethics? Unlikely. This is the rub in attempting
to algorithmify ethics.

Bentham’s ethics are one form of ethical reasoning. Can it
be computed? Yes, in fact computers can likely bypass some
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of the significant weaknesses in Bentham’s theory, too, if not
the most fundamental flaws. However, this does not avoid the
problem that there are unethical ethical systems.

The meta-question remaining is whether what it takes
to truly live ethically, some definitive and universal ethical
framework, is within the reach of human understanding, let
alone machine computation. Despite this difficult question,
we need ethics. Putting forth no effort to do ethics, nor
to make their use possible and transparent for computers,
is profoundly irresponsible. To that end, we have followed
Bentham’s principles as written without claiming his utilitar-
ianism is applicable in all scenarios, for all deployments of
artificially intelligent agents. In short: Bentham’s utilitarian-
ism does not solve ethics, but it provides a logic with hon-
orable intentions toward outlining ethical behavior in a way
which we have demonstrated is computationally tractable.

For Bentham, ethical philosophy begins with a foun-
dational commitment to the alleviation of suffering and
maximization of universal benefit. This commitment occurs
as a condition for the system he creates to guide deci-
sionmaking. It is Bentham’s sense of responsibility for
suffering that sets the conditions for his ethical system.
It would seem that all ethical systems are predicated on
some more foundational philosophy of responsibility. The
debate over foundational responsibility rages on, among
philosophers, without resolution in sight. Meanwhile, the
need for transparency in computational decisionmaking is
increasingly pressing.

Instead of taking sides among the philosophical arguments
to foundational ethics, we seek an ongoing effort to expand
responsibility for suffering and to prevent harm. This is not an
abandonment of ethics. It is an unseating of the discipline as
some competition of theory (akin to religions with competing
truth claims) which currently dominates the field [90].

There is something brilliant unlocked when codifying
Bentham’s work. Most philosophers teach Bentham with
some fondness. He was earnestly trying to do in ethics what
folks were doing in the sciences. He was trying to take
mythology and religion and hunches and traditions and make
them consistent. He loathed the oppression of the poor by the
rich, and he was truly revolutionary in suggesting that human
lives are all of equal worth.

His system is simplistic, yet this simplicity is precisely
what makes his system valuable as the first ethical decision
model for our digital terrarium. Bentham’s utilitarianism has
clear objectives for decisionmaking matching what we expect
of machines in predictable decisions. He offers an ethic that
is profoundly easier to codify, and therefore makes it easier to
be honest and transparent about the decisionmaking process.

Given the advancements in utilitarian philosophy, from
John Stuart Mill [91] to Peter Singer [92], it might seem
that Bentham was content to play checkers with ethics
while others advance to chess. Autonomous agents are
only nascently designed to behave according to ethical
frameworks. With this in mind, checkers is not such a bad
game to learn first.
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