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Abstract

We present a new approach to representation and acquisition
of normative information for machine ethics. It combines an
influential philosophical account of the fundamental structure
of morality with argumentation theory and machine learning.
According to the philosophical account, the deontic status
of an action — whether it is required, forbidden, or permis-
sible — is determined through the interaction of “normative
reasons” of varying strengths or weights. We first provide
a formal characterization of this account, by modeling it in
(weighted) argumentation graphs. We then use it to model
ethical learning: the basic idea is to use a set of cases for
which deontic statuses are known to estimate the weights of
normative reasons in operation in these cases, and to use these
weight estimates to determine the deontic statuses of actions
in new cases. The result is an approach that has the advan-
tages of both bottom-up and top-down approaches to machine
ethics: normative information is acquired through the inter-
action with training data, and its meaning is clear. We also
report the results of some initial experiments with the model.

1 Introduction

The central aim of the interdisciplinary field of machine
ethics is to design artificial agents that are able to act in eth-
ically acceptable ways. This aim can be achieved, it seems,
only if there is a way to meet the challenge of specifying
a way of acquiring and representing normative information
that allows for machine implementation.

Within machine ethics, one can distinguish between three
families of approaches to meeting this challenge (Allen,
Smit, and Wallach 2005), with their own advantages and pit-
falls. First, there are top-down approaches that encode nor-
mative information in a symbolic formalism. The main ad-
vantage of these approaches is that symbolic representations
have a clear intuitive meaning, and that systems that operate
on them result in decisions that are transparent and intelligi-
ble. However, the designers of top-down systems are forced
to encode the normative information by hand, foreseeing all
the myriads of ways in which contextual factors might have
to be taken into account if the system is to deliver the cor-
rect decision. Second, there are bottom-up approaches that
use machine learning techniques. Their main advantage is
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that they allow for complex normative information to be ob-
tained via training, without any need to encode it by hand.
The main pitfall here is that it is not clear what normative
information the system has actually learned, and how the
decisions that it delivers can be made intelligible (Canavotto
and Horty 2022). Third, there are hybrid systems that aim
to combine the advantages of top-down and bottom-up ap-
proaches, while avoiding their pitfalls. But while the idea of
combining normative information represented in symbolic
form with machine learning is very appealing, the field of
machine ethics is still far away from converging on a single
approach that would hold promise for broad applications.

Against this background, we propose a new hybrid ap-
proach that draws its motivation from an influential philo-
sophical (metaethical) account, or informal model, of the
structure of morality. According to this account, an action’s
deontic status — whether it’s permissible, required, or for-
bidden — in any given situation is determined on the basis of
the “normative weights” of a designated class of consider-
ations usually called “normative reasons”. We first provide
a formal characterization of this account, drawing on recent
work in formal argumentation. We then use the resulting for-
mal model to develop a system that uses a genetic algorithm
to estimate the normative weights of reasons on the basis of
a given set of cases for which the morally correct outcomes
are known. The weight estimates can then be used to deter-
mine the deontic statuses of actions in new cases. To the best
of our knowledge, this is the first application of the metaeth-
ical account to the concerns of machine ethics.

The rest of this paper is organized as follows. Section 2
presents an overview of the literature that is relevant to our
project. Section 3 discusses the metaethical account that
serves as the philosophical foundation of our approach, and
Section 4 presents its formal characterization. Section 5 dis-
cusses the model’s use for machine ethics, and Section 6
supplements it with a genetic algorithm to model ethical
learning. Section 7 presents some initial experimental re-
sults, while Section 8 puts them in a broader context and
discusses related work.

2 Background

This section provides a quick overview of the state of the art
in four areas — machine ethics, formal argumentation, meta-
heuristics, and structural metaethics — focusing on the work



that is most relevant to our goals.

Machine Ethics. As flagged, we can distinguish between
three types of approaches to machine ethics: top-down,
bottom-up, and hybrid. A good example of a top-down
approach is (Ganascia 2007) which attempts to represent
the “laws” of different ethical systems in a logic pro-
gramming language, seemingly echoing much earlier ef-
forts to represent legislative information using logic pro-
gramming (Bench-Capon et al. 1987; Sergot et al. 1986).
Explicit symbolic encoding of ethical information is also
presupposed by the ethical governor of (Arkin 2009); the
ethical layer architecture of (Bremner et al. 2019; Fischer
and Dennis 2023, Ch. 10); and the LogiKEy framework of
(Benzmiiller, Parent, and van der Torre 2020). Moving on to
bottom-up approaches, the state-of-the-art framework here
is arguably Delphi of (Jiang et al. 2022). Its developers used
carefully crafted natural language data and supervised learn-
ing to train a deep neural network to reason about ethical
judgments. The result, Delphi, demonstrates impressive gen-
eralization capabilities in the face of novel situations. Other
(and perhaps more standard) bottom-up approaches to ma-
chine ethics use reinforcement learning and inverse rein-
forcement learning — see, for example, (Abel, Macglashan,
and Littman 2016; Balakrishnan et al. 2019; Russell et al.
2015; Wu and Lin 2018). Hybrid approaches, in turn, aim
to combine the methods employed by both top-down and
bottom-up approaches, and so they form a disparate fam-
ily. One early, well-known, and important system is GenEth,
conceived by (Anderson and Anderson 2007, 2018). The ap-
proach that the Andersons take to machine ethics is perhaps
the closest to ours, and so it can serve as a useful benchmark.
It can be thought of as involving three parts. The first con-
cerns the preparation and acquisition of training data. Here
domain experts are first asked to determine what the “ethi-
cally relevant features” are in a given domain of application,
and then their expertise is drawn on to determine the cor-
rect action in a set of dilemmas, or specific cases of conflict
between the ethically relevant features. The second part is a
proposal for how to represent such cases formally. Finally,
the third part concerns learning. Here GenEth uses induc-
tive logic programming to derive general principles about
the relative importance of ethically relevant features. These
principles can then be used to determine which of a given
pair of actions is the correct one in new cases (where the
same features are ethically relevant). We discuss GenEth in
more detail in Section 8.

Formal Argumentation. Initially, formal argumentation
theory was put forward as a framework to unify different ap-
proaches to defeasible (or nonmonotonic) reasoning (Dung
1995), but it has long since grown into a research area of
its own — see (Baroni et al. 2018; Gabbay et al. 2021a) for
a comprehensive overview. In what follows, we draw on
the recent work on weighted argumentation, in particular,
the work of (Amgoud and Ben-Naim 2018; Amgoud et al.
2017; Amgoud, Doder, and Vesic 2022). Amgoud et al. fo-
cus on “bipolar argumentation graphs” that allow for both
attack and support relations between arguments, where each
argument is assigned a numerical weight (which represents
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how strongly accepted an argument is), and develop differ-
ent “acceptability semantics™ for such graphs. There is other
work supplementing argumentation theory with numerical
weights too (Dunne et al. 2011; Mossakowski and Neuhaus
2018; Oren and Yun 2023; Rossit et al. 2021), but it is less
congenial to our purposes.

Metaheuristics. Metaheuristics is a category of general
algorithms designed to solve complex optimization prob-
lems. They are called meraheuristics as they are designed
to find near-optimal solutions by going through the search
space and looking for those solutions that maximize a pre-
defined heuristic (which lets the algorithm evaluate the qual-
ity of a potential solution to the problem). Metaheuristics
include simulated annealing (Laarhoven and Aarts 1987),
tabu search (Glover 1986), and genetic algorithms (Forrest
1996), which is the metaheuristic that we will use. A ma-
jor advantage of genetic algorithms is that they can find a
solution to a given problem without much prior knowledge
about it and with little data. (They are also more resilient to
local optima in comparison to both simulated annealing or
tabu search.) Usually, all that a genetic algorithm needs is
an expert-defined “fitness function™ that directs the genetic
algorithm towards better solutions by evaluating how close a
particular solution aligns with the desired outcome. By iter-
atively evaluating and evolving potential solutions based on
their fitness, genetic algorithms mimic the process of natural
selection, gradually improving the population of solutions
OVver successive generations.

(Structural) Metaethics. Philosophers distinguish first-
order ethics from metaethics.! Roughly put, first-order eth-
ical theories are substantive accounts of what makes acts
morally right, wrong, good, bad, virtuous, vicious, permis-
sible, and forbidden. Examples of first-order ethical theories
include various versions of utilitarianism, deontological the-
ories, Rossian pluralism (which also happens to serve as the
philosophical foundation of GenEth), virtue ethics, Confu-
cianism, Ubuntu, and various indigenous ethics. Metaethics,
by contrast, is concerned with exploring the presupposi-
tions and commitments of first-order ethical theories, as well
as our moral talk and practice (Sayre-McCord 2023). One
important subarea of metaethics, what we call structural
metaethics, is concerned with the presuppositions about the
structure of morality that are shared by (most) first-order
ethical theories.” A principal appeal here is generality: if we
manage to identify shared structural features, then we can

'One of the reasons why writing interdisciplinary research pa-
pers is difficult is that from time to time one has to state a claim that
is a complete platitude in one field, but may be seen as a claim re-
quiring a reference in another. The distinction between first-order
ethics and metaethics is a case in point. While we could provide
a reference, it would have to come from an encyclopedia or a ba-
sic textbook, and, thus, would strike philosophers as amateurish.
Remaining unsure about the best way out of this predicament, we
adopt the policy of not providing references for claims that are plat-
itudes in philosophy, hoping that our readers will be charitable.

>We borrow the label structural metaethics from (Tucker forth-
coming). While it is not used widely, numerous philosophers work-
ing in metaethics focus on structural questions.



make progress on answering fundamental questions about
morality without needing to commit to a particular first-
order ethical theory or some particular specification of right-
ness, wrongness, goodness, or some other normative con-
cept.> We believe that this promise of generality should also
appeal to those interested in furthering the goals of machine
ethics. Insofar as structural metaethics can provide a cue
for representing normative information without needing to
commit to a particular first-order ethical theory, it should
be of direct relevance to machine ethics. To the best of our
knowledge, however, the insights from this area of philos-
ophy have not made their way into the machine ethics lit-
erature, which has mostly used ideas from first-order ethics
instead. Perhaps it is worth adding that some aspects of the
metaethical account we present in the next section have been
explored using formal tools, including those of defeasible
logic (Horty 2003, 2012), decision theory (Dietrich and List
2013; Sher 2019), and probability theory (Nair 2021).

3 The Weighing Reasons Model

Although the agreement is not unanimous — which is typical
for philosophy — numerous prominent philosophers have ar-
gued that (most) ethical theories can be adequately restated
in a certain (informal) general model that prioritizes two
types of normative notions — we call it the weighing rea-
sons model, or reasons model for short.* In it, we first have
all-things-considered deontic statuses of actions. And sec-
ond, we have normative reasons which are standardly char-
acterized as facts that speak in favor of or against actions —
see, for instance, (Scanlon 1998, p. 17). Normative reasons
are said to be “contributory”, meaning that the existence of
a reason speaking in favor of some action X is compati-
ble with it being neither (morally) obligatory, nor permissi-
ble for X to be carried out.’ They are also meant to always
have two components: a polarity and a weight. Reasons that
speak in favor of some action have positive polarity; reasons
that speak against it have negative polarity. We call them,

30ne may wonder how this relates to extensive work in deon-
tic logic (Gabbay et al. 2013, 2021b), which may also be thought
of as exploring the structure of the normative without making too
many commitments. The short (and incomplete) answer appeals
to the fundamental distinction between merely formal normativ-
ity and full-blooded authoritative normativity — see, e.g., (Baker
2017). The former type of normativity is displayed by any standard
one can meet or fall short of — such as the rules of chess, the rules
of Victorian etiquette, and the law — while the latter is displayed by
standards that are, intuitively, much deeper — such as morality. It
seems fair to say that deontic logic is concerned with both types of
normativity, while structural metaethics is almost exclusively con-
cerned with authoritative normativity (and, thus, is more specific).

4See, for instance, (Berker 2007), (Parfit 2011), (Raz 1990), and
(Scanlon 1998) among many others. Parfit, Raz, and Scanlon are
proponents of what’s known as the reasons-first research program
which attempts to analyze all normative notions in terms of norma-
tive reason. One can (and many philosophers do) accept the weigh-
ing reasons model without subscribing to this program.

3Notice that contributoriness is different from defeasibility: an
outweighed contributory reason does not lose its normative force.
Compare to the remark in (Lord and Maguire 2016) on the sin of
confusing “weightedness” and defeasibility.
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respectively, reasons for, or positive reasons, and reasons
against, or negative reasons. A reason’s weight, in turn, can
be (re)described as its normative strength, force, or tendency
to determine the all-things-considered deontic statuses of ac-
tions.® In the weighing reasons model, the deontic statuses
of actions are taken to be determined via the interaction be-
tween weights of reasons, and this interaction is standardly
made sense of by appeal to the metaphor of old-fashioned
weight scales.’” On the simplest construction, the scales work
as follows. The reasons that speak in favor of some action
X go in one pan; the reasons that speak against X go in the
other. If the overall weight of the positive reasons is greater
than the overall weight of the negative ones, X is obligatory.
If the overall weight of the negative reasons is greater, X is
forbidden. If the pans are balanced, X is optional, that is,
both X and not-X are permissible.

With the model in place, the disagreements between first-
order ethical theories can be seen as, primarily, disagree-
ments about which facts are normative reasons. Thus, act
utilitarianism can be seen as a theory that identifies norma-
tive reasons with the consequences of acts and the weights
of reasons with the severity of these consequences. Rossian
pluralism can be seen as a theory that admits of seven differ-
ent types of normative reasons, some of more utilitarian and
others of more deontological character. Let us use a toy ex-
ample as an illustration. Suppose that you promised to not
touch that cake, and that feeding the cake to a (starving)
child would satiate her hunger. Ross (1930) would analyze
this case as a conflict between two “prima facie duties” —
a duty to keep your promise and a duty to help the child —
and would say that it gets resolved by “moral intuition™ that
allows you to see that in this particular case, say, the sec-
ond duty is more important. In the reasons model, this anal-
ysis can be re-described as follows: the fact that you have
promised not to touch the cake is a reason against giving the
cake to the child; the fact that the child is in need is a rea-
son for giving the cake to the child; and you are required to
give the cake to the child because the reason(s) for giving the
cake to the child outweigh(s) the reason(s) against. The gen-
eral lesson is that the reasons model can be used to express
different first-order ethical theories.

Once one works with the reasons model, it is natural to
wonder about the effects of context shifts on the polarity
and weights of reasons. Philosophical positions here range
from extreme aromist views, on which a given reason’s po-
larity and weight are context-independent, to extreme holist
views, on which a fact that constitutes a reason for X in one
context can constitute a reason against X in a different one,
or even cease to be a reason for or against X at all. To be in
a position to express any view across this spectrum, we fol-
low the literature and slightly extend the model, introducing
what we call normative considerations that are not reasons.

SImportantly, the polarity and weight of reasons are taken as
given in the model. The reason-firsters mentioned in footnote 4
hold that they do not admit of a further analysis.

See, for instance, (Berker 2007), (Broome 2004), (Lord and
Maguire 2016), (Snedegar 2018), (Tucker 2023). For the most care-
ful (informal) analysis of the weight scales metaphor, see (Tucker
forthcoming).



These considerations do not qualify as reasons, as they do
not speak in favor of or against actions. However, they can
affect the weights of reasons, and, thereby, have an (indirect)
effect on the deontic statuses of actions. It is common to dis-
tinguish between two types of normative considerations of
this sort: undercurters and modifiers, which further divide
into attenuators and amplifiers. An undercutter, if it obtains,
nullifies the weight of a reason. An attenuator, if it obtains,
reduces the weight of a reason. An amplifier, if it obtains,
increases the weight of a reason. Adding undercutters and
modifiers to the model makes it more expressive, while leav-
ing it open whether re-stating a particular ethical theory in
it will require appealing to them. Plausibly, one can re-state
act-utilitarianism and Rossian pluralism in the model with-
out appealing to undercutters and modifiers, but they may be
needed to capture other theories.® Also, having allowed for
undercutters and modifiers, one can subscribe to a moderate
and appealing view on the context-dependency of reasons.
This view combines three ideas: that every reason has a de-
Jfault weight, which is context-independent; that a reason’s
context-specific or final weight can be different from its de-
fault weight; and that any deviation from the default can be
accounted for by appeal to undercutters and modifiers that
obtain in the context — see (Tucker 2023, forthcoming). It is
also the view that we adopt.

4 Formalizing the Weighing Reasons Model

In this section, we present a formal characterization of the
informal weighing reason model, drawing on ideas from
weighted argumentation. We present it in three steps. We
first explain how to represent normative structure; then how
to calculate final weights; and finally, how to determine de-
ontic statuses on the basis of these weights.

Representing Normative Structure. As background, we
assume a non-empty set L, called propositions.” The first
formal notion we introduce is that of a normative reason, or,
simply, reason:

Definition 1 (Normative Reasons) A tuple of the form
(p, ¢, w, ) is called a reason (for c) if, and only if, p,c € L
and w € R>q. Analogously, (p, c,w,r™) is called a reason
(against c¢) if, and only if, p,c € L and w € R~. Here,
v+ and v~ are just (special) symbols to indicate whether a
reason is a reason for or against an action.

To illustrate this and other definitions, we are going to
work with the following toy scenario:

When you visited your mother yesterday, she gave
you a piece of cake to take with you and made you
promise that you’d eat it. Now you’re on a video call
with her, and the cake is in front of you. Next to you is
your niece with a hungry look in her eyes. You would

8Plausibly, they will be needed to capture particularist views
that say, roughly, either that there are no moral principles, or that
such principles play marginal roles — see (Dancy 2004, 2017).

The letter L is often used to designate a logical language, but,
for our present purposes, a set of symbols without a logical struc-
ture is enough.

take pleasure in eating the cake, and so would your
niece. You also know that your niece stole a toy from
another child earlier today. Your only options are (this
is a toy scenario!) to either eat the cake yourself, or to
give it to your niece.

We stipulate that, in this scenario, you’re confronted
with five reasons. First, the fact that you made a promise
(Promise) is a reason for eating the cake (EatCake). We
represent it as the tuple §; = (Promise, EatCake,2,r7T).
(The default weight of this and other reasons is also
something we stipulate.) Second, the fact that your
niece is hungry (Hungry) is a reason for giving
the cake to her (GiveCake). We represent this rea-
son as d; = (Hungry, GiveCake,3,rT). Next, the
fact that you would take pleasure in eating the cake
(TakePleasureY ou) is a reason for eating the cake, while
the fact that the niece would take pleasure in eating the
cake (TakePleasureNiece) is a reason for giving the
cake to her. We represent these reasons as, respectively,
ds = (TakePleasureY ou, EatCake,2,rT) and 84 =
(TakePleasureNiece, GiveCake, 2, 7). Finally, the fact
that your niece stole a toy, and it wouldn’t be fair to reward
stealing with cake (Stole AT oy) is a reason against giving
the cake to your niece. We represent this negative reason as
05 = (Stole AT oy, GiveCake, 3,77).

The next step for us is to introduce modifiers and un-
dercutters. We use the term normative considerations as a
term of art covering reasons, modifiers, and undercutters.
The idea here is that every fact having some bearing on the
deontic status can be called a normative consideration.

Definition 2 (Normative Considerations) The ser of nor-
mative considerations is the smallest set " such that (1) all
reasonsareinl’, and (2)if6 € I', p € L, and w € R, then
(p,0,w,a™), (p,d,w,a”), and (p,d,w,u) are in T. Here
again a™*,a~, and u are special symbols.

If the last element of a normative consideration is at, we
call it an amplifier (of §); if it is a—, we call it an artenuator
(of §); and if it is u, we call it an undercutter (of 6). Also, we
refer to the third element of a consideration ¢ as its default
weight and denote it as w(d).

To see Definition 2 in action, we expand our toy scenario:

You know that your niece sincerely regrets having
stolen the toy. What’s more, as soon as your mother
sees the hungry look in the niece’s eyes, she releases
you from the promise you had made to her.

Here you are confronted with two normative consid-
erations that are not reasons. The first is an attenu-
ator: the fact that your niece regrets having stolen
the toy (Regrets) reduces the weight of the reason
ds = (StoleAToy, GiveCake,3,7—). We repre-
sent this modifier as dg = (Regrets,ds,2,a”) =
(Regrets, (StoleAT oy, GiveCake,3,77),2,a~).  The
other new normative consideration is an undercutter:
the fact that your mother has released you from your
promise (Release) makes the weight of the reason
61 = (Promise, EatCake,2,7") disappear. We rep-
resent this undercutter as d; = (Release,dy,3,u) =



(Release, (Promise, EatCake, 2,77), 3, u). Note that we
stipulate the default weights of dg and d- just as we had
stipulated the weights of reasons ;05 before.

With the definition of normative considerations, we have
almost all the ingredients we need to represent our toy case
and other scenarios we might be interested in. The one thing
that we still need is the set of (exclusive and exhaustive)
actions or options that one is choosing from. Our next defi-
nition, that of a normative graph, adds this final ingredient:

Definition 3 (Normative Graphs) A normative graph N is
a tuple (O, A) where O is a finite subset of L, called the set
of options, and A is a set of normative considerations such
that, for every § = (p,c,w,x) € A, we have c € AUO and
if6 = (p,xr,w,x),8 = (p',,w',2') e Awithp=p',e =

d,x =1, thenw = w'.

Figure 1: A graphical depiction of the normative graph cap-
turing the toy scenario.

Our toy scenario can be captured in the normative graph
N; = (04, A;) where Oy = {EatCake, GiveCake} and
Ay = {61, b, 83, 04, 05, &g, 07}. Figure 1 represents Ny
graphically. It should be read as follows. The gray circles
stand for the options. All other circles stand for the nor-
mative considerations: green and red ones for, respectively,
positive and negative reasons; blue and yellow ones for, re-
spectively, undercutters and attenuators. The green and red
arrows stand for the relations between reasons and options;
the blue and yellow ones for the relations between undercut-
ters and modifiers and reasons. The differences of size be-
tween the circles representing considerations correlate with
the differences between their corresponding default weights.

We have chosen the label normative graph for Defini-
tion 3 because the structures that it picks out can be easily
mapped onto directed graphs:

Definition 4 (Reduction to a Directed Graph) Let N =
(O, A) be a normative graph. Then the pair G = (V, E)
is called the directed graph corresponding to N if, and only
ift V.= Aand, forany § = (p,c,w,z), 8 € V:(5,8") e E
ifand only ifc = & and « € {a*,a—,u}.

Let us call a normative graph N finite if its corresponding
directed graph is finite; let us call it acyclic if its directed
graph is acyclic. In what follows, we restrict attention to
normative graphs that are both finite and acyclic. The mo-
tivation here comes from the philosophical literature, which
proceeds under the (implicit) assumptions that the deontic
statuses of actions in any given case are determined by only
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a finite number of normative considerations, and that neither
modifiers nor undercutters ever form cycles.

The normative graph is all we need to model the norma-
tive structure of a given situation. What is left to do then is
to, first, calculate the final weights of reasons on the basis
of this structure and the default weights of all the normative
considerations involved, and, second, to determine the de-
ontic statuses of options on the basis of the final weights of
reasons.

Calculating Final Weights. Suppose that we want to cal-
culate the final weight of some reason. In general, to do this,
we might need to calculate the final weights of the modi-
fiers and undercutters that affect it, and to calculate the fi-
nal weights of these, we might first need to calculate the fi-
nal weights of yet other considerations that affect them, and
so on. However, given that we work with finite and acyclic
normative graphs, eventually we must reach considerations
that are neither modified, nor undercut themselves. The fi-
nal weight of these considerations will simply equal their
default weights. And then we can work backwards: start-
ing from these considerations, we can calculate final weights
step by step until we reach the reason we were originally in-
terested in.

Let’s use f(d) to denote the final weight of any normative
consideration 4. Below, we define four concrete functions
f1—f4 for calculating final weights. There are three features
that all of them have in common. First, if § is not affected by
other considerations, we have f(d) = w(4d), where w(4) is
the default weight of 4. Second, if § is an undercutter of &’
and f(9) is positive, then f(4") = 0. Third, if § is either an
amplifier or an attenuator of &', then the greater f(4) is, the
greater its effects on f(4&").

Before we state the functions, we introduce some help-
ful notation. Given a normative graph N = (O, A) and a
consideration 6 € A, we use AT (4, N) to denote the set of
amplifiers of 4 in N, that is, AT (5, N) = {(p,c,w,x) €
A :c=édand r = at}. Analogously, we let A= (5, N') and
U(68, N) denote, respectively, the set of attenuators and the
set of undercutters of 4 in N.

Next, we introduce a helper function » which, in effect,
specifies how undercutters work:

Definition 5 (Undercutter Function) Given a normative
graph N = (O,A), a consideration § € A, and
f € {fl?fQ:! f:’n f4} (Deﬁnlﬂ-oﬂ 6Jv let u(&) =0 E)‘c
> srcvsn) £(0') > 0and u(8) = 1 otherwise. (We assume
that the sum over an empty set is (.)

Now we can finally state the functions f;—f4.!% Since the
normative graphs are finite and acyclic, they are all well-
defined.

Definition 6 (Final Weight Functions) Ler N = (O, A)
be a normative graph, § a consideration from A, and u the
undercutter function. Then:

1%While each one of these functions taken in isolation may seem
arbitrary, our experimental results suggest that the choice of func-
tion matters less than one may think — see Section 7 below.



Additive function:

f1(8) = u(8) * max(0, w(d) + Z fila®) - Z fi(a™))
ateA+(8,N) a—€A—(8,N)

Multiplicative function:

o+ cass.m(1+ f2(a™))

f2(8) = w(d) * u(d) * Ma-ca-o.m 1+ f2(a))

Mixed function 1:
1+ v cars,n) f3(a™)

f3(0) = w(8) * u(d) T+ Y0 ca o J3(@)

Mixed function 2:

5 _ [0 5 u(@) x (1457 —5) irs*t > 5-
fa0) = w(8) = u(d) * m otherwise

where ST = Za+€A+(61N) fa(a™)
and S~ =3, ca-(s,n) fala™)
To illustrate the definition, we revisit the toy scenario and
determine the final weights of the reasons d; and &, us-
ing the additive function f;. We start with f;(d3). Since d;
has no undercutters in N, we have u(dz) = 1. And since
it has neither amplifiers, nor attenuators in N;, we have
Za+e,4+(52,,m)fl(a+) =0 = Za—EA—(c‘iz,Nl)fl(a_D'
The expression maz(0, w(d2) + 2o+ ca+ (5,8 S1(aT) —
Za—eA—(dz,Nl)fl(a_)) thus reduces to max(0,w(d,))
which is w(dz) = 3. Now we turn to f;(d;). Since &; has
an undercutter in Ny, namely, &7, we calculate f; () first.
It’s not difficult to verify that f;(§;) = w(d;) = 3, and that,
therefore, Zéfeu(é.,m) f(8") > 0. This, per Definition 5,
entails «(4;) = 0, from which we quickly get f1(d;) = 0.

Determining Deontic Statuses. Having determined the fi-
nal weights of reasons, all we need to do is aggregate the
weights of reasons for each option and compare them. While
we use the simplest aggregation function we could think of
(the sum), the model is flexible enough to define and ex-
plore others.!! Our strategy is to first specify which options
are permissible (to carry out), and then to define the other
deontic statuses in terms of permissibility.

Definition 7 (Permissible, Required, Forbidden) Where
N = (0,A) is a normative graph, o € O, and
[ € {f1,f2, f3. [1}, let R} stand for the set of rea-
sons for o, R, for the set of reasons against o, and
Mo =3 scpt F(8) — X scp- f(0)- Then the options from
O that are permissible in the context of N, written as P(N),
are those that belong to the set {o € O : M, > M- for all
o* € O}. If P(N) contains a single option o, we say that o
is required in N. For any option o € O that is not in P(N),
we say that o is forbidden in N.

"Determining the deontic statuses of actions by way of compar-
ing the sums of weights is explicitly defended in some of the philo-
sophical literature — see, for instance, (Tucker 2023, forthcoming;
Wedgwood 2022). It is also naturally suggested by the metaphor of
weighing reasons on a weight scale. For a critique of using sums to
aggregate reasons, see (Keeling 2023).
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Let’s briefly revisit our toy scenario. It doesn’t seem im-
plausible to say that the right thing for you to do in it is
to give the cake to your niece. It can be verified that this
is the verdict that our model reaches for Ny. Using any
of the four functions f;—f4, we arrive at the result that
P(N,) = {GiveCake}. This means that GiveCake is the
only permissible and, thus, also required option in Ny.

5 Use for Machine Ethics

What we have now is a formal version of the informal
weighing reasons model introduced in Section 3. In this sec-
tion, we discuss how it could be used in machine ethics.

To represent artificial agents that are capable of acting in
ethically acceptable ways, we need to specify a way of repre-
senting and acquiring normative information that is machine
implementable. The weighing reasons model does, in effect,
specify how to represent normative information, and our for-
mal characterization makes it machine implementable. Sup-
pose that we had to design a robot whose job it is to take
ethical decisions in a circumscribed range of cases. Suppose
further that we somehow managed to come by a good esti-
mate of which reasons and other normative considerations
are relevant for this circumscribed set of cases, as well as of
what the weights of these considerations are. With this, the
normative information that the robot would need in order to
take the right decision in any case within the range could be
represented by a single normative graph. For illustration, we
revisit our toy scenario and pretend that our description was
on the right track: that we identified the relevant normative
considerations in it, and that the weights that we assigned to
them were good estimates. Our representation of the case,
Nj, could be used in the design of a robot taking decisions
between eating the cake or giving it to the niece in a range
of cases, including, for instance, the case that is just like the
one we described, except that your mother does not release
you from the promise; or the case where your niece hadn’t
stolen the toy; or the case in which your niece wasn’t hungry.
It shouldn’t be difficult to see that all these cases correspond
to subgraphs of Ny, and that the robot could use one of the
functions fi—f4 and Definition 7 to identify the permissi-
ble option(s). Of course, the robot we are imagining here
wouldn’t be very useful, but it serves to illustrate the general
idea. It pays noting that the normative information that is rel-
evant for some of the better-known applications discussed
in the machine ethics literature could be straightforwardly
encoded into normative graphs. For instance, the dilemmas
familiar from the Moral Machine experiment (Awad et al.
2018) make for a range of cases which we could easily rep-
resent in a single normative graph.'?

Thus, the formal model from the previous section holds
promise for machine ethics insofar as it offers a new way
to represent normative information that is machine imple-
mentable. Presumably, though, this representation will be
useful only if there is also a computationally feasible way
to acquire it. So that’s the issue we discuss next.

"2This is not to imply that it would be straightforward to assign
weights to reasons. In fact, the experiment can be seen as asking
people to do just that.



The question we need an answer to can be put thus: how
can we obtain a normative graph encoding the information
that is relevant for a circumscribed range of cases? We sub-
mit that we don’t have a full answer here, but we can provide
a partial one. That is, we have a proposal for how to obtain
the default weights of all considerations in a normative graph
if we know its structure and also have some rraining data in
the form of a set of subgraphs (without weights) for which
we know the correct outcomes. Notice that each element in
the training data represents a specific scenario where the rel-
evant reasons and permissible options are known. We do not
have any original proposals for how to obtain the informa-
tion about the structure of the graph and the training data,
but we can adopt well-known proposals from the machine
ethics literature — we discuss this in Section 8. In any event,
in the next two sections, we take these as given.

6 Estimating Default Weights

To estimate the default weights on the basis of training data,
we can make use of metaheuristics. In this section, we dis-
cuss one particular genetic algorithm we can use.”?

Before we can make use of a genetic algorithm, we need
to “encode” our problem — finding the default weights of
considerations in a normative graph. A potential solution to
this problem is then represented as a “chromosome”. Any
genetic algorithm consists of a population of these chro-
mosomes. Chromosomes in turn are made up of a list of
“genes”, where each gene represents a single variable. In our
case, a gene represents the default weight of a single consid-
eration in the normative graph. This means that in our en-
coding, each chromosome consists of exactly as many genes
as there are considerations in the normative graph.

Any genetic algorithm consists of five steps. Step 1 is per-
formed at the beginning; then the algorithm enters a loop:
Steps 2-5 are repeated until the solution is found or the limit
of steps is reached. If no solution provides perfect results,
the algorithm terminates, providing its current best solution
as the final output. Next, we will go through each of these
steps one-by-one and note how each step is implemented in
our framework.

Step 1: Initialization. A population of chromosomes is
created, and their genes are assigned an initial value. In
our implementation, the population consists of 10 chromo-
somes, where the genes can take on values from the interval
[0, 5]. We set their initial value to the median value 2.5.

Step 2: Evaluation. We compute a fitness score for each
chromosome. In our implementation, the score is the number
of cases in the training data where the (weights represented
by) the chromosome return the same permissible actions as
found in the training data.

Step 3: Selection. A new population of chromosomes is
generated from the previous ones. There are several selec-
tion methods, but the main idea behind them is the same: the
probability of a chromosome being preserved for the next

This may be only one of the many working methods. We
are planning to explore other methods in future work. The
source code of our implementation can be found online at
https://github.com/zaap38/aies2024 _alcaraz_streit_knoks.
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population is proportional to its fitness score. We use the
steady state selection method. Unlike other methods, it pre-
serves a fraction of chromosomes that have a high fitness
scores — in effect, skipping Steps 4 and 5.

2 /4|6 6|7 |3|9|8|2]|1

Figure 2: Example of a single point cross-over.

Step 4: Reproduction (or Cross-Over). Children are
generated from the parent population, replacing the parents.
Usually, two parents are selected, and two children pro-
duced, each having a mix of genes from both parents. (With
steady state, this affects only part of the population — in our
implementation 40%.) We use the single-point cross-over
method. This method generates two children. The parent
chromosomes are split in two, with children inheriting half a
chromosome from each parent (see Figure 2). This is a sim-
ple and computationally inexpensive reproduction method.

Step 5: Mutation. For each chromosome, a small number
of genes is replaced by a different value. In our implemen-
tation, one gene is selected at random and its value is sub-
stituted with a floating value from [0, 5]. This has the advan-
tage of being time-efficient, and prior testing has shown that
the desired result can be reached without relying on more
sophisticated functions. Also, choosing a random value in-
stead of moving to neighboring values has the advantage of
getting out of local optima more easily.

7 Experiments

Our goal in this section is to evaluate the algorithm. To this
end, we perform four experiments.

To test the algorithm, we need two things: training data
and a validation set. Here we use synthetic data for both.
We create this data by first generating one big normative
graph containing some predetermined number of consider-
ations and a set of actions. Like in our toy example above,
this graph is taken to include all important normative con-
siderations in some area. This means that each possible case
in this area can be represented by a subgraph — a norma-
tive graph containing only some of the considerations and
actions of the big graph. We then generate a set of random
subgraphs and calculate the set of permissible actions for
each such graph using one of the functions f;—f,.'* Then

“For the experiments, we use weights between 0 and 5 with
a 1-digit decimal precision. A single modifier (for the functions
f2, fa, fa) can change the weight by, at most, a factor of 6. In pre-
liminary testing, the choice of the value interval didn’t matter for
the performance of the algorithm.



we “forget” the weights in the subgraphs, obtaining a set of
cases with known morally correct action(s). This set is split
into training data and validation set.'

The big normative graph we created the synthetic data
from was generated with a manually defined number of con-
siderations varying with each experiment, 5 options, and a
maximal graph depth of 49. The experiments were run with
a Python implementation, using the PyGAD library, and on
a machine equipped with an 11th Gen Intel(R) Core(TM)
i9-11950H @ 4.80GHz and 32Gb of RAM. While our im-
plementation uses a single thread, our approach can eas-
ily be multithreaded to iterate faster over the training data.
The population contains 10 chromosomes, and we perform
a cross-over on 40% of the population. The generated sub-
graphs representing the cases all contain 5 actions, and we
perform 100 steps (that is, let 100 generations evolve) in the
training phase. We calculate the correct moral action(s) for
500 cases with 40% (200 cases) serving as the training data
and 60% (300 cases) serving as the validation set.

Prediction Accuracy. The first experiment tests for the ef-
fects of the number of considerations involved on the algo-
rithm’s accuracy on the training data and the validation set,
and the time and steps the algorithm needs to find a solution.

To test this, we used the additive function (Definition 6)
to create both the training data and the validation set. We
created cases from a (big) normative graph containing 5 to
100 considerations and ran the algorithm on each size. The
results for each size were averaged over 20 runs.

= Validation Accuracy » Training Accuracy
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Figure 3: Accuracy

Our starting hypotheses for this experiment were the fol-
lowing: since the training data always contains exactly 200
cases, no matter the number of considerations, the accu-
racy will begin to drop with larger numbers as the train-
ing data covers fewer and fewer of all possible cases.'® For

15We vary this approach slightly for the second experiment.

'“How many cases can be created from a single big normative
eraph with n considerations is highly dependent on its structure.
On the one extreme, for a graph with no modifiers or undercut-
ters, there are 2" possible cases, on the other extreme, for a graph
that forms a single chain of one reason, modifiers, and undercutters
there are only n 4 1 possible cases.
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the time it takes the algorithm to run, we expected a poly-
nomial increase with size, as our implementation uses the
grounded extension algorithm proposed by (Nofal, Atkin-
son, and Dunne 2021).

In Figure 3, we plot the accuracy of our prediction on the
training data and the validation set over the number of con-
siderations. In Figure 4, we plot the time it takes for one
run to finish and the number of steps it takes for the genetic
algorithm to stabilize on a solution.

» Time = 5teps

3500 >0

Steps
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Figure 4: Time and Steps

The data supports our accuracy hypothesis. The accuracy
of predictions begins to gradually drop, but stays at roughly
90% accuracy (on the validation set) for 50 considerations.
Even for 100 considerations, where the algorithm is trained
on only a small fraction of possible cases, the accuracy stays
well above 80%. The time it takes for the algorithm to run
seems to scale roughly linear with size, while the number of
steps it takes to reach a solution appears to be logarithmic.

Importance of the Choice of Function. The second ex-
periment tests whether there is a difference in accuracy be-
tween the four functions fi—fy.

To test this, we analyzed the accuracy of each function f;—
f4 run on four sets of synthetic data. One set was generated
by the function we were testing, while the other three were
created by the remaining three functions. Then we compared
the accuracy of the function on the validation data from each
set. The graphs we generated the training data and validation
set from contained 50 considerations, and the results were
averaged over 20 runs.

We had two hypotheses for this experiment: that each
function will show better accuracy on its own data set than
on any other set, and that some functions will perform better
on data not created by them than others.

The results, displayed in Table 1, partly confirm and partly
refute our hypotheses. The additive function f; performs
better on data created by other functions than on its own
data, while the remaining three functions perform slightly
worse on data created by other functions than on their own
data. For the mixed functions fs3 and f4 (and to a slightly
lesser extent for the multiplicative function f»), it appears to
matter little which function is used to create the data. These



h fa f3 fa
f1 1903437 |9454+27|954+26 | 949428
fo 19334+33]9214+47|9494+£25|95.7+£23
fg 1 92.74+33|947+£24|947+£26 | 952426
fa 193.04+30[9444+33|952+25|946+24

Table 1: Each row presents the accuracy on the validation
set in percent when trained (and validated) on data created
using the function given in the column.

results suggest that, for the purposes of designing a tool
for moral learning, the (rather simplistic) additive function
might be an ill fit, but the other functions perform (equally)
well. We take this to be good news.

Noise Robustness. This experiment tests the effects of
noise in the data on the accuracy of the algorithm. It is
important insofar as real-world applications might require
working with imperfect data. For instance, such data might
contain cases where forbidden actions are taken to be per-
missible, or it might even contain inconsistencies.

We created noisy data as follows: for each case in the
training set, we replaced, with a certain chance, the actual
set of permissible options with a random set of options. We
tested this for a 10%/20%/30%/40% chance and created
the data from a big graph containing 50 considerations, av-
eraging results over 20 runs.

Our hypothesis was as follows: with a small amount of
noise, the algorithm will remain accurate on the validation
set, but with more noise, we will see a rapid drop in accuracy.

10% 20% 30% 40%
fi [ 91.1£53 [ 905+4.2 | 904 +£32 | 90.6 £3.5
fo [ 9344+3.8|927+33|93.1+£3.0| 926+338
f3 | 946+3.7 | 940+£3.1 | 953 +£23 | 947+28
f4 {943 +38|93.0+4.6 | 943+£3.1|942+26

Table 2: Accuracy for the different evaluation function on
the testing data given noisy training data.

The results, summarized in Table 2, partly confirm the hy-
pothesis and partly refute it. When the training data contains
some noise, the accuracy remains high at between roughly
90% for the additive and almost 95% for the mixed func-
tions. However, even when 40% of the training data is noise,
the accuracy never drops below an average of 90% and stays
almost constant for the mixed functions.

We interpret these results as follows: first, the fact that the
accuracy remains high despite the noise in data suggests that
the algorithm is fit to be used on real-world data. Second,
something has to account for the surprisingly high accuracy
rates with as much as 40% noise in the data, and our conjec-
ture was that the accuracy does not come from the estimates
of the weights alone, but also from the fact that cases are
encoded in a graph structure. So, we designed the next ex-
periment with the aim of quantifying the effect that structure
has on accuracy, independently of any weight estimates ac-
quired with the help of genetic algorithm.
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Effects of Structure on Accuracy. To test the effect of the
normative structure, we created the validation set as usual.
However, instead of running the algorithm on the training
data, we assigned the uniform weight of 2.5 to all consider-
ation. Then we used the validation set to check the prediction
accuracy of these constant weights. (Preliminary tests have
shown that other (positive) values produce similar results.)
We ran this test using all four functions and averaged over
1000 runs.

Since we observed high accuracy even with highly noisy
data, our hypothesis for this experiment was that the struc-
ture is responsible for at least 50% of the accuracy.

fi f2 13 fa
620+78 | 69.1 £87 | 72.64+83 | 725+ 8.2

Table 3: Accuracy in percent when using constant weights.

The results, shown in Table 3, fully confirm the hypoth-
esis. Using constant weights results in about 70% accuracy
for every function, except for the additive one, which, again,
performs significantly worse than others. We interpret these
results as follows: in a large number of cases, the normative
structure is enough to identify permissible actions. This sug-
gests that the default weights of considerations — much like
the choice of the functions for calculating final weights — are
less important than one might have initially thought. Get-
ting good default weight estimates accounts for only around
30-40 percentage points of prediction accuracy.

8 Discussion

In this section, we highlight the hybrid nature of our ap-
proach and its advantages; hint at avenues for future re-
search; and relate our approach to the closest work in ma-
chine ethics, weighted argumentation, and metaethics.

The approach to machine ethics we have presented com-
bines two elements. The first is a novel way of representing
normative information — using reasons, modifiers, undercut-
ters, and numerical weights — that can be interpreted by ma-
chines and humans alike. This representation rests on solid
philosophical foundations. The second element is a proposal
for how to implement (some) ethical learning by deriving the
weights of reasons and other normative considerations from
training data using a genetic algorithm. The fact that our ap-
proach combines these two elements makes it hybrid.

But, as we noted in Section 5, the two elements do not
tell the entire story. To make use of our approach in spe-
cific applications more is needed: there has to be a way to
infer the normative structure of cases, in order to both pro-
vide training data and give a formal description of any case
where we want the model to predict the correct action(s).
This information has to come from somewhere. One possi-
ble source are domain experts — for example, professional
ethicists — who can describe the normative structure of cases
in some well-understood area. How good and how consis-
tent the training data provided by experts would be is some-
thing we would like to investigate further, but we are opti-
mistic. The results of our four experiments suggest that, with



the structural representation in place, our approach can be
applied to real-world problems. The algorithm remains per-
formant even for large numbers of considerations and noisy
data. Still, there is more to explore. So far, all the graphs
we have generated were random. This is true for both the
big graph we generated the training data and validation set
from and for the individual subgraphs that represented cases
in each of these two sets. From our fourth experiment, we
know that the structure has considerable influence on the ac-
curacy of predictions. In future work, we intend to study the
effects of different graph structures on accuracy in more de-
tail. In particular, we want to explore whether the algorithm
works better for graphs that contain fewer modifiers and un-
dercutters, as well as whether it works better for graphs that
are highly connected.

We already noted that, in the context of machine ethics,
the framework that seems to be most similar to ours is
GenEth. So, a comparison of the two is in order. The basic
element of GenEth are (manually selected) “ethically rele-
vant features” which play a similar role to our normative rea-
sons. Like our approach, GenEth learns on the basis of a set
of cases for which the outcomes are known. Cases are rep-
resented as sets of (exclusive and exhaustive) actions char-
acterized by the ethically relevant features and represented
as tuples of integers (usually taken from [—2, 2]) indicating
the degree to which they promote or violate each feature. To
take a simple example, we might have a case comprised of
actions A and B where A = (1,—1) and B = (—1,2), and
where the ethically relevant features are, respectively, harm
coming to some patient and this patient’s autonomy being
respected. What the case says, roughly, is that the action A
mostly prevents harm at the expense of some disrespect of
autonomy, while B strongly respects autonomy but doesn’t
prevent moderate harm. GenEth then uses inductive logic
programming to extract, roughly, the most general principle
sanctioned by the cases in the training set.

We highlight only what we think are the most important
differences between our approach and GenEth: the first has
to do with the way normative information is represented, the
second with how learning works. The GenEth model is what
we might call flat: all normatively relevant considerations
are of the same type. Here our model has the upper hand,
since it is more flexible, allowing to include more struc-
tural information. It is also more in line with the literature
in metaethics.!” Furthermore, in our model, the weights of
reasons can be as fine-grained as desired, whereas GenEth,
by design, has to rely on a rather coarse categorization of ac-
tions into categories (usually 5) of promotion and violation
of some feature. Turning to ethical learning, GenEth’s use
of inductive logic programming allows it to output ethical
principles encoded in a logical language. This is something
our model — without being supplemented with a logical lan-
guage — cannot do. However, our model appears to have a
different advantage over GenEth. The third experiment sug-

'7Alth0ugh (Anderson and Anderson 2018) mention “meta-
features” in passing — their examples are time and probability —
they also suggest that these shouldn’t be part of the representation
of the normative structure (see pp. 342-3).
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gests that our approach can be used on noisy and inconsis-
tent data. GenEth, by contrast, cannot be immediately used
on such data: for inductive logic programming to be appli-
cable, inconsistencies in the data need to be removed.

We have already mentioned that our model draws on the
work of Amgoud et al. They work with weighed bipolar ar-
gumentation graphs, assigning both (analogues of our) de-
fault and final weights to arguments and interpreting the lat-
ter as the “overall level of acceptability” of arguments. Their
main focus is on exploring various “acceptability semantics”
or, roughly, procedures for assigning final weights to argu-
ments on the basis of the relation between arguments and
their default weights. We adopted and adjusted this general
idea for a particular application. It is not difficult to ver-
ify that our normative graphs can be represented as what
we might call weighted tripolar argumentation graphs, with
amplifiers, attenuators, and undercutters each mapping to
their own relation. Not surprisingly, Amgoud et al. have
nothing corresponding to the idea of determining deontic
statuses by weighing reasons (Definition 7). Also, they do
not restrict attention to graphs that are finite and acyclic. An-
other argumentation-theoretic model that shares similarities
with ours is presented in (Gordon and Walton 2016), but the
two also have many differences, and their comparison will
have to be undertaken elsewhere. Neither Amgoud et al., nor
Gordon and Walton apply their ideas to machine ethics.

We conclude with a brief remark on metaethics. The for-
mal model we set up in Section 4 is, we believe, the first
faithful formal characterization of the informal weighing
reasons model. It has some clear advantages over its clos-
est competitors: other formal models of normative reasons.
Thus, the default logic-based approach of (Horty 2012) at-
tempts to represent the weights of reasons with the help of a
partial order and, therefore, has no natural way to model the
aggregation of weights. And the more recent decision and
probability theory-based approaches (Nair 2021; Sher 2019)
— which have been developed in response to the problem of
aggregating weights — appear to be unable to represent un-
dercutters and modifiers in an explicit and natural way.

9 Conclusion

We presented a new hybrid approach to representation and
acquisition of normative information for machine ethics. We
started with a sketch of an influential and general metaethi-
cal account of the structure of morality. Then we presented
a formalization of this account: in it, the normative struc-
ture of any given situation is represented using a graph of a
particular shape and the deontic statuses of actions are deter-
mined on the basis of weights of nodes representing norma-
tive reasons and other normative considerations. Next, we
introduced a genetic algorithm that lets one estimate these
weights on the basis of a set of cases for which the deon-
tic statuses are known. These weight estimates are impor-
tant insofar as they can be used to assign deontic statuses
to options in previously unseen cases. Finally, we reported
on some (early) experimental results illustrating the advan-
tages of our approach. Both its philosophical underpinnings
and the experimental results suggest that the approach holds
promise for real-world applications.



Ethical Statement

The approach to machine ethics that we present here is in the
early stages of research. The framework we have set up is
not (yet) ready for any real-world application. The underly-
ing philosophical model, while undoubtedly popular, is not
uncontroversial in the philosophical literature. The frame-
work has not been tested with real-world data, and exten-
sive tests and careful evaluation would be needed before its
application in real-world situations. Also, before the use of
any algorithmic decision-making system is implemented, a
robust culture of accountability needs to be in place as al-
gorithmic decision-making systems can be (and have been)
used as a tool to avoid legal and moral responsibility.
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