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Abstract
As artificial intelligence (AI) models continue to scale up, they are becoming more capable and integrated into various forms 
of decision-making systems. For models involved in moral decision-making (MDM), also known as artificial moral agents 
(AMA), interpretability provides a way to trust and understand the agent’s internal reasoning mechanisms for effective use and 
error correction. In this paper, we bridge the technical approaches to interpretability with construction of AMAs to establish 
minimal safety requirements for deployed AMAs. We begin by providing an overview of AI interpretability in the context of 
MDM, thereby framing different levels of interpretability (or transparency) in relation to the different ways of constructing 
AMAs. Introducing the concept of the Minimum Level of Interpretability (MLI) and drawing on examples from the field, 
we explore two overarching questions: whether a lack of model transparency prevents trust and whether model transparency 
helps us sufficiently understand AMAs. Finally, we conclude by recommending specific MLIs for various types of agent 
constructions, aiming to facilitate their safe deployment in real-world scenarios.
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Abbreviations
AI	� Artificial intelligence
AMA	� Artificial moral agent
BU	� Bottom-up
GPT	� Generative pre-trained transformer
IML	� Interpretable machine learning (or 

interpretability)
LLM	� Large language model
MDM	� Moral decision-making
ML	� Machine learning
MLI	� Minimum level of interpretability
TD	� Top-down

1  Introduction

The deployment of consumer-facing generative artificial 
intelligence (AI) models such as Midjourney and ChatGPT 
has raised important questions on the ethics [1] and conse-
quences of widespread access to AI technologies [2]. Trac-
ing the evolution of these models over the past five years [3], 
it is likely that we will soon see multi-modal general-purpose 
models [4–8] available to the public. As these models begin 
operating with higher autonomy and become integrated into 
existing applications [9–11] (e.g. ChatGPT with plugins, 
AI vision models within self-driving cars), they will play 
a greater role in many aspects of human decision-making 
[12, 13]. A fundamental subset of human decision-making 
is moral decision-making (MDM). MDM comes in many 
forms—some examples include predicting whether criminals 
will reoffend [14], deciding appropriate treatment plans for 
patients [15], and executing military defense strategies in 
a way that is compliant with original mission orders [16]. 
MDM is difficult because it often involves weighing com-
peting values in complex and ambiguous situations [17]. 
Where other types of decision-making may be based in prag-
matic considerations, like efficiency or performance, MDM 
requires making judgements about what is right and wrong.

AI models that are involved in MDM are called artificial 
moral agents (AMAs). For these types of decisions, it is 
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imperative that we have high levels of agent understanding 
so that errors can be corrected swiftly and performance bet-
ter aligned with human values to prevent unintended and 
potentially harmful agent effects [9, 13]. “Understanding” 
an agent can take on different levels of complexity [18, 19] 
which require different AMA constructions [13] for effec-
tive deployment. Here, effective deployment means find-
ing a model of appropriate capacity for its task so it can 
be deployed and updated as efficiently as possible in the 
real-world. This understanding of agent behaviour is enabled 
through the field of interpretable machine learning (IML, 
a.k.a. interpretability) which helps make AI models more 
trustworthy and transparent [18, 20].

Taking the necessity of interpretability in AMAs as a 
spectrum, we frame our discussion less around whether 
AMAs need interpretability (i.e. a binary decision), and 
more around the Minimum Level of Interpretability (MLI) 
for different AMA constructions. As such, this paper 
revolves around three key concepts: different AMA con-
structions, different levels of interpretability, and how 
AMA capability is altered by different levels of interpret-
ability. Much of machine ethics research concerns aligning 
ethical schemas with machines [21]. Our work continues 
down this line, aiming to bridge technical aspects of inter-
pretability with AMA construction for smoother deploy-
ment. An important disclaimer is that this field is nascent 
and we are proposing general safety rules based on limited 
evidence—the MLI will evolve as more evidence is gath-
ered for different AMA use cases. Our scope is limited to a 
computational understanding of moral decision-making in 
AMAs and we do not consider the problem of where respon-
sibility falls for agent decisions [22].

2 � Background and current work

2.1 � Improving moral decision‑making (MDM)

We adopt the definition given by Garrigan and colleagues 
[23] that moral decision-making (MDM) is “any decision, 
including judgements, evaluations, and response choices, 
made within the ‘moral domain’ ” with the moral domain 
consisting of decisions concerning issues like harm and 
fairness. The authors show how theories for the develop-
ment of morality in humans fall into three main categories: 
cognitive, affective (or emotional), and social [23] (shown 
in Fig.  1). Cognitive theories take on a neuroscience-
based approach (i.e. which parts of the brain are activated 
in response to moral stimuli), affective theories are based 
primarily in developmental psychology, and social theories 
reflect how moral psychology and behaviours changes from 
an individual to a population [23]. We recap the authors’ 
original summary of the various theories to illustrate how 
they have evolved in complexity. Theories from develop-
mental psychology look at how moral reasoning develops, 
firstly in childhood [24], then beyond into adolescence and 
adulthood [25], and now incorporate a spectrum based in 
cognitive theories like perspective taking and scripts [26] as 
well as attention and working memory [27]. The most well-
known affective theory—Haidt’s social intuitionist theory 
[28, 29]—investigates how quicker emotional decisions are 
rationalised post-hoc into “moral” decisions (akin to System 
1 of Kahneman’s reflexive System 1 and more calculating 
System 2 ways of thinking [30]). Other affective theories like 
dual-process theory have incorporated neuroscience aspects 
by focusing on activity levels of parts of the brain with real-
time MDM [31, 32].

MDM necessitates navigating trade-offs between different 
interests, such as those of individuals, groups, or society as a 
whole [33–35]. This makes MDM emotionally challenging 
since it involves choices that have significant consequences 

Fig. 1   The three main theories for moral decision-making
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for oneself or others with positive and negative effects often 
getting amplified with scale [36]. The inclusion of AI mod-
els in emotional decisions may initially seem off-putting 
[37]. But the emotional challenge of making important deci-
sions is the exact reason that we want non-emotional agents 
involved—so they can minimise human inconsistency [38] 
and provide fairer outcomes [18, 20]. We are careful here 
to avoid referencing “automation” of human decisions [39]. 
Real-world moral decisions have multiple reasoning steps 
and are challenging for two reasons: (1) they can have mul-
tiple valid (and invalid) explanations, (2) they are complex 
decisions built up of individual reasoning steps that do not 
necessarily belong to the same moral paradigm, such as with 
mixed strategies in game theory (e.g. your final decision 
could be a combination of Utilitarian reasoning and Virtue 
Ethics reasoning). We illustrate this concept more clearly in 
Fig. 2. When we move these concepts over to the world of 
machine learning, we fall into the interpretability challenges 
described in Fig. 4.

Instead, we look to improve MDM by integrating AI into 
standard human decision-making processes in stages which 
are prone to human error or with data that are beyond our 
cognitive capacities [40–43]. So, how do we integrate moral 
psychology theories into our AI models? Moral philosophies 
such as Deontology allow us to formalise aspects of MDM 
but the multi-factorial development of morality in humans 
is hard to represent as just one moral philosophy [44]. Con-
text-specific models may be enabled by singular theories 
such as Virtue Ethics for general clinical settings [45] or 
Bentham’s Felicific Calculus for end-of-life situations [46] 
but more flexible constructions are also possible. These flex-
ible constructions help generalise MDM systems to unseen 
and novel moral situations [47]. We outline the overarching 
study of these models, called artifical moral agents, in the 
next section.

2.2 � Different constructions of artificial moral 
agents (AMAs)

The study of artificial moral agents (AMAs) is an interdis-
ciplinary field between computer science, ethics, and phi-
losophy. As such, we first clarify terminology. The terms 
“model” and “agent” both refer to AI systems, and we use 

agent to emphasise that the model has a degree of autonomy. 
“Morals” concern actions of virtue and “morality” reflects 
that these behaviours are practised habitually to become 
things we accept internally and externally as rules or princi-
ples [13]—more concisely, morals “regulate selfishness and 
make social life possible” [17]. “Ethics” is a broader term 
than morality which can be defined as a “rational reflection 
on moral behaviours” [13] and better emphasises contextual 
differences for moral behaviours [48]. The words are closely 
linked and for our purposes can be used interchangeably, 
but we refer solely to morality going forward since this is 
the terminology of AMAs. Thus, an AMA is a program that 
can act or make decisions in a “moral” way, with a degree 
of autonomy [13]. The autonomy of an AMA is the extent 
to which a human can interact with the agent to change one 
of its decisions [9]. There are three categories of AMAs 
distinguished by the level of moral consideration built into 
them and that they can act on: implicit, explicit, and full 
[49]. Implicit AMAs cannot distinguish good from bad 
behaviour but are constructed to enable moral behaviour, 
explicit agents use inbuilt ethical rules (e.g. from logical 
formalisms or algorithmic constraints), while full ethical 
agents, like humans, possess aspects of consciousness like 
desires, intentions, and free will. We only consider AMAs 
within the first two levels to ignore questions related to fair 
treatment of potentially sentient artificial agents, limiting 
the scope of interpretability requirements to human (and not 
machine) safety. The breadth of these categories makes it 
more challenging to analyse how their differences manifest 
in real-world agents so we turn our attention to more granu-
lar parameters of AMA construction: the moral paradigm, 
the scale, and the purpose of the agent, all shown in Fig. 3.

We group moral philosophies and moral psychologies 
under the name moral paradigm or framework which tell us 
how morality is instilled into the agent. There are three broad 
moral paradigms we consider: top-down (TD), bottom-up 
(BU), or hybrid. TD approaches start from a set of principles 
or a moral framework (e.g. Utilitarianism), BU approaches 
have no moral framework and instead aim to learn moral-
ity from the environment, and hybrid approaches combine 
aspects of the two [50]. Agents, like standard AI models, 
can be constructed at different scales which produce dif-
ferent performance capabilities [51]—we consider standard 

Fig. 2   The challenges of ensuring appropriate explanations for complex decisions
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individual agents, high capacity individual agents (vertical 
scaling), and multi-agent systems (horizontal scaling) [52]. 
For simplicity in horizontally-scaled systems, we assume 
all agents are cooperative and that there are no unpredict-
able agent-agent interaction effects [13]. The purpose of the 
AMA is the task that it is designed to do and can be split 
into uni-purpose, multi-purpose, and general-purpose. The 
distinction between multi-purpose and general-purpose gets 
blurred as agents become more capable at multiple tasks 
and so, to avoid case-by-case analysis of different pur-
poses, we focus on the distinction between uni-purpose and 
general-purpose.

2.3 � Are we considering “true” moral agents?

We ask ourselves this question to clearly define the scope 
of this paper on the philosophical and psychological sides. 
We break it down into two interconnected questions: (1) 
how is an AMA able to perform moral decision-making 
(MDM) instead of just standard decision-making, and (2) 
is the MDM capacity of AMAs discussed here sufficient to 
view our AMAs as “true” moral agents?

Starting with Question (1), the capacity for decision-mak-
ing leads into moral agency when the decision-making agent 
(human or machine) has a notion of moral responsibility 

Fig. 3   Diagrams of how different agents can be constructed. Blue circles are agents (color figure online)
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and has learned to generalise to new MDM situations, often 
through interacting with the environment and responding to 
consequences of its actions [53]. In humans, these notions 
of responsibility and generalisability develop alongside each 
other as people’s brains mature from babies to adults (as per 
affective theories of MDM [23]), and as humans interact 
more with other humans in society and develop a shared 
sense of understanding, trust, and ultimately responsibil-
ity for other around them (as per social theories of MDM 
[23]). Although current machines can be seen to operate in 
constrained environments, have limited sensory perception, 
and have restricted relationships with other machines, we 
can still imbue them with some sense of morality (i.e. TD 
or hybrid AMAs in Fig. 3) which can improve (i.e. through 
standard AI training techniques), and share information to 
other machines (like horizontal scaling in Fig. 3). In this 
way, although AMAs do not share the full spectrum of 
human experience, we can approximate moral development 
in machines. As mentioned in Sect. 2.1, we do not aim to 
automate MDM in this paper as others do [54]. Rather, we 
envisage a simpler approximate solution in the real world 
which is to give machines greater capacity for moral agency 
by including human-like feedback into the machine’s 

learning process. As such, the AMAs discussed in this paper 
are able to make (approximate) moral decisions.

Moving to Question (2), several papers have discussed 
whether AMAs constitute “true” moral agents in the phi-
losophy and ethics literature [53, 55–58]. The standard view 
of AMAs requires human-like consciousness as the start-
ing point of the discussion [56]. However, we focus on an 
alternative perspective, called the functional view of AMAs 
which requires three different things [55]: interactivity (that 
the agent interacts with its environment), it has some level 
of independence (which we refer to as “autonomy”), and 
adaptability (that the level of independence changes based 
on how the agent interacts with the environment). The func-
tional view allows us to centre the discussion around prac-
tical decision-making which is more relevant to our aims 
of bridging AMAs with a technical field like interpretabil-
ity [58]. As mentioned in Sect. 2.1, our paper is written to 
integrate AI and human decision-making, and so although 
the AMAs we consider are learning and interacting only in 
simple ways with the environment (i.e. learning and interact-
ing from limited environment-specific data), they are still 
interacting and learning; and although they are mostly used 
by humans (i.e. lose some autonomy), they still have some 

Fig. 4   Hierarchy of interpretability levels used in this work alongside the main challenges for interpretability. Black squares are black box mod-
els, white squares are white box models, the cog is the reasoning that is visible or not visible
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autonomy themselves; and thus they still satisfy, to some 
degree, all three criteria, and this we see as sufficient to be 
considered “true” moral agents. While we do not aim to fully 
solve the question of true moral agency here, we focus on 
AMAs that can justifiably be considered moral agents based 
on the functional perspective, as described above, without 
needing to claim they have achieved all aspects of human 
moral agency.

2.4 � Interpretability “levels” and their importance 
for MDM

There is no agreed-upon definition for interpretability but 
it can be viewed generally as a domain-specific quality for 
understanding or trusting our agent [18, 20]. Two seminal 
perspectives from the explainability/interpretability litera-
ture pose a dichotomy where “explainability” is using a 
black box model and then explaining it with a secondary 
post-hoc model, and “interpretability” is not using a black 
box, instead using a model that explains itself (a.k.a. a white 
box or transparent model) [18, 20]. Lipton [18] adds fur-
ther detail based on three different paradigms of white box 
modelling: algorithmic transparency, decomposability, and 
simulatability. Algorithmic transparency amounts to a for-
mal understanding of the agent’s learning process [18], for 
example, better characterisation of the loss surface [59, 60] 
or providing internal convergence properties [61]. Decom-
posability corresponds to transparency at the level of model 
parameters while simulatability is transparency across the 
whole model [18]. Within the context of MDM, decompos-
ability corresponds to having an intuitive and step-by-step 
explanation for each major agent decision [12]. We believe 
that complete decomposability (i.e. intuitive explanations for 
all model parameters and output decisions) subsumes simu-
latability and so do not consider simulatability further. For 
clarity, we use “transparency” when referring to forms of 
white box agents, “post-hoc explainability” for explanations 
of black box agents, and “interpretability” when referring to 
both of these concepts together.

Interpretability alone is not necessarily useful for our 
domain of MDM but becomes so when directed towards a 
specific goal [62]. Watson lays out three challenges that inter-
pretability faces [19] (summarised in Fig. 4): clarity of what 
the explanation corresponds to (e.g. the model’s outputs, the 
data generating process, different sub-objectives), error rates 
and consistency rates for explanations, and little considera-
tion of the fact that explanations can change over time. Given 
these challenges are important for all interpretable systems, 
we take the aim of interpretability in MDM as providing an 
understanding of agent decision-making processes for appro-
priate error correction, error prevention, and agent behaviour 
optimisation. More simply, interpretability is useful here as a 
debugging tool for different stakeholders involved in a moral 

decision [40]. While there are clearer situations where inter-
pretability is not needed, such as when an agent is not involved 
in a high-stakes decision [20] or does not have a significant 
impact on society [63], we assume all decisions requiring 
moral consideration as potentially high-stakes and enabled by 
reliable human-agent collaboration [42, 43, 64], and thus in 
need of some form of interpretability. This lends itself to our 
characterisation of interpretability as a spectrum more than a 
binary requirement.

While the different types of interpretability do not fall 
neatly into a hierarchy of explanation complexity [18], this 
becomes easier when each type is viewed as a debugging 
tool. Certain types of interpretability are more challenging 
to program into an agent and different types are required 
depending on what the AMA does and the number of stake-
holders involved. A loose interpretability hierarchy in terms 
of increasing agent construction difficulty, which we phrase 
as “levels”, is shown in Fig. 4 and is as follows: black box 
models—post-hoc explanations of black box models—algo-
rithmic transparency—decomposability.

Here, we have described the different types of interpret-
ability from an AI perspective. In the following sections, 
we map these interpretability levels onto moral decision-
making performed by AMAs and qualitatively determine the 
minimum level of interpretability (MLI) required in different 
contexts. We start by asking ourselves whether black box 
AMAs allow for trust and continue with whether transpar-
ency is key to understanding all AMAs.

3 � Does lack of transparency in AMAs 
prevent trust?

In this section, we discuss the reliability of moral reasoning 
in AMAs without transparency, commonly seen as black 
box AMAs. Thus, we will use “black box" as a generic 
term for such systems. Since the internal agent reasoning 
is unavailable to us directly, we require a level of faith in 
our agent, which corresponds to framing interpretability as 
trust for MDM [18]. Trust can take on a range of meanings: 
confidence in the agent to make the correct decision, the 
consistency of the agent’s decisions in certain situations, or 
whether the agent makes decisions that are right or wrong in 
a human-like manner. We discuss whether AMAs can learn 
moral principles, and then if so, whether these principles are 
appropriate. We conclude that we can trust AMAs without 
transparency if they adopt the benefits of both BU and TD 
agents.

3.1 � Can we tell if black box AMAs have learned any 
moral principles?

We define the “environment” of an AMA as the poten-
tial hypothesis space spanned by the data and the AMA’s 
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learning process, which consists of its internal model and 
training regime. BU AMAs are predicated on the existence 
of functional morality [65]—that agents are able to learn 
morals from their environment. With a black box BU AMA, 
how can we be sure that our agent has learned some form 
of morality? Allen et al. [66] defined a Moral Turing Test 
which states that “if two systems are input–output equiva-
lent, they have the same moral status”, with the subsequent 
debate following that of the Chinese Room Argument [67]. 
Effectively, any machine capable of memorising a suf-
ficiently diverse and framework-like or human-like set of 
input–output moral relationships would pass the test, even 
though we would not be able to determine if it is intrinsi-
cally “moral”.

There is no universal definition for morality in humans 
beyond notions of obligation [68]. However, psychological 
theories for the development of morality within humans [23, 
69] and the “teachability” of moral values [70, 71] point to 
the development of morality as a process [23], if an impre-
cise one. It is from the process of learning via experience in 
the world that we as humans feel the obligation to be a moral 
agent [68]. The same argument has been made for AI models 
[72] through development of value-based agents which learn 
human values, a process which has been successfully imple-
mented in the multi-valued action reasoning system [54]. 
The lack of a universal definition means that memorisation 
could suffice as a type of morality, particularly if we consider 
memorisation a form of learning [73]. However, it is insuf-
ficient for trusting our agent because there are no guarantees 
that the agent will generalise outside the training set. This is 
an issue that can be explained more clearly by the difference 
between form and meaning as expressed initially by Badea 
and Artus [72] and subsequently formalised by Bender and 
colleagues [74]. They state that if an agent is trained only 
on form (e.g. pixels, words, etc.) without any input for com-
municative intent behind the form (i.e. context-dependent 
meaning, which exists at different scopes of worldly experi-
ence [75]), it cannot truly intuit any meaning of morality, 
and certainly no definition that extends to novel contexts 
[23, 47, 76]. This comes down to the “The Interpretation 
Problem” [72], which refers to the issue of endless potential 
interpretations for any symbolic representation given to an 
AMA. This makes it impossible to guarantee a fully accurate 
transmission of meaning regardless of the medium chosen.

The question then arises: would sufficient memorisation 
of triples with a structure of (input, output, communicative 
intent) suffice for “learning morality”? The ever-changing 
nature of communicative intent across cultures and over 
time requires a potentially infinite and unobtainable set of 
such data [75] which prevents learning a cohesive set of 
moral principles [74] unless the context is clearly defined a 
priori and an acceptable level of error with an “action limit” 
defined [77]. To avoid the difficulty of defining a complete 

and ethical training dataset for an imprecise objective [47, 
78–80], we can instead use black box TD AMAs to approach 
the problem from a different angle: ensure the agent has a 
set of pre-defined moral principles rather than relying on the 
data and where it has come from. TD AMAs use a specific 
moral framework (or set of frameworks) which allow us to 
compare the TD agent’s input–output moral relationships 
with the most likely output from that same moral framework. 
While the TD construction is more precise than the BU con-
struction, it enables greater trust in the AMA’s learned prin-
ciples because we have a form of ground truth that is less 
variable than individual agent comparisons permitted by the 
Moral Turing Test for BU constructions. This concept of 
precision is shown in Fig. 5. Hybrid settings require addi-
tional domain knowledge but are even better since they can 
find the right “compromise between being too flexible and 
too strict” [81]. From this, we deduce that morality can be 
learned by agents once it has some initial framework for a 
given domain, and further capacity can be enabled by data 
with communicative intents.

3.2 � Can we guarantee that black box AMAs have 
learned appropriate moral principles?

Let us assume that our AMA is able to learn moral principles 
from its environment. We are now presented with a different 
problem: how can we be sure that this environment reflects 
our desired human values and that the agent is learning 
them? Current inequalities in our world have been shaped 
(and are still influenced) by cultural remnants of histori-
cally unequal power dynamics [82, 83]. An overt example 
is historical medical exploitation of underrepresented com-
munities which has led to a lack of diversity in large-scale 
genomic data, and been a major obstacle to generalisable 
genomic insights across populations [84]. Similarly damag-
ing, but more subtle, is the inadequate treatment of sensi-
tive variables (e.g. age, sex, race, etc.) which can lead to 
models shortcutting to high predictive accuracy based on 
harmful stereotypes [20, 85]—textbook examples include 
racist explanations in criminal recidivism prediction [14] 
and proxy variables that consolidate racial disparities in 
population health models for medical support prioritisa-
tion [86]. Beyond error correction, models can also serve as 
ways to improve existing disparities—for example, enabling 
smoother socioeconomic mobility via smarter intergenera-
tional wealth allocation [87]. Given that these inequalities 
persist in both data collection and the data itself [88], poten-
tially in implicit ways, any AMA reliant on its environment 
has the potential to propagate or even amplify these ine-
qualities. As computer scientists, we have the opportunity 
to build algorithmic mechanisms into our AMAs to coun-
teract and help remedy these types of bias [89]. If we take 
this pro-active approach to equality, it becomes important to 
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understand how biases exist in our environment, how these 
get encoded in our data, and how the AMA can use them 
inappropriately in its reasoning or explanation mechanisms 
[90]. This is more important in BU systems due to their 
higher capacity for learning morality from the environment 
[13].

For systemic inequalities that affect marginalised com-
munities, minimising predictive disparities over different 
demographics is a proxy for our AMA “learning” appropri-
ate moral principles. This line of work has been explored 
extensively in the fairness and sequential decision-making 
literature [12] and we briefly review important instances. 
Ensemble models have proven effective, with different 
weighting schemes used per classifier [83, 91] and for 
“unfairly classified” samples [92]. Coston and colleagues 
[93] found that characterising properties over the Rashomon 
set—an ensemble of models that all perform highly which, 
in this case, is the set of most fair models—gave them algo-
rithmic bounds for the range of disparities with applications 
to recidivism risk prediction and consumer lending. Beyond 
outcome evaluation, Dai et al. [94] laid out metrics for evalu-
ating post-hoc explanations: fidelity, stability, and consist-
ency, aligning with the main conceptual challenges for IML 
[19]. They also evaluated the practical explanation quality 

of sparsity, which is a proxy for how “understandable” an 
explanation is, with higher sparsity allowing for fewer fea-
tures and thus easier understanding. These ideas of human-
intuitive explanations are expanded on in Sect. 4.2. Well-
aligned explanations are useful because they can reduce 
overreliance on AI systems and make human-AI interaction 
more coordinated [95].

Taking a more engineering-based approach, Shaw et al. 
[96] defined meta-qualities for desired moral standards 
to guide BU AMAs under very constrained applications. 
Accepting that uncovering the reasoning of individual agents 
is challenging, the authors analysed multi-agent systems via 
post-hoc explainability to derive bounds for moral behav-
iour. These multi-agent behaviours can also be viewed from 
a TD lens via consideration of TD agents and stakehold-
ers in a complete sociotechnical system [97] or collective 
actions of TD agent systems called moral communities [98]. 
The bounds in these cases are based on average population 
behaviour and act like probabilistic alternatives to the Moral 
Turing Test. Stronger fairness tests, such as those based on 
localised program execution paths [99], would be needed 
for individual instances of discrimination. A more intuitive 
way to view these “moral behaviours” is as highly likely 
probabilistic constraints—similar to the way we would view 

Fig. 5   Pros and cons of using 
black box AMAs. Black squares 
with a blue circle are black box 
AMAs (color figure online)
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the chance of a bridge retaining its shape under stress—
they should hold under all reasonable perturbations within 
a given context.

The limitation of TD AMAs is that it is challenging to 
select the appropriate moral paradigm for a situation, made 
more difficult by the fact that there are several potentially 
appropriate moral decisions (i.e. input–output relation car-
dinality of moral decisions is one-to-many) based on vary-
ing sequential decision trajectories. Reinforcement learning 
(RL) has become the de facto toolkit for sequential deci-
sion-making since it can comprehensively explore a given 
decision space [12]—in moral agent terms, this amounts 
to BU flexibility within wide-ranging but well-defined TD 
constraints, or the hybrid moral paradigm. For robustness 
to this decision trajectory variation, Svegliato et al. [100] 
developed an AMA based on RL that uses all previous deci-
sion states to make its final decision. Notably, this AMA also 
circumvented the issue of imprecise objective functions by 
decoupling the moral compliance objectives from the task 
objectives. This decoupling was also recommended as one 
of the main ways to circumvent the Interpretation Problem 
in [72] and mirrors their distinction between moral mistakes 
and amoral mistakes. This avoids issues of ambiguous fidel-
ity with respect to explanations [19]. In a less constrained 
decision-space than the setting in Svegliato et al. [100], tra-
jectories can get more unwieldy. Subsequent work by Sriv-
astava et al. [101] applies additional constraints to the agent 
(instead of its environment) which can analyse negative side 
effects of prototype decision sequences with human input 
and then replan an appropriate sequence which minimises 
these side effects. RL can also modify the environment to 
make it more appropriate. Using a reward that includes both 
the performance and moral compliance objectives, Rodri-
guez-Soto et al. [102] refine the convex hull of a Markov 
decision process (the stochastic process underlying RL) to 
get moral bounds on the decision space, which also mirrors 
the second suggestion for circumventing the Interpretation 
Problem.

Having begun this section with a discussion of fair-
ness requirements, we covered how they can be enabled 
through metrics on the black box outputs, surveyed moral 
explanations for black boxes, and finished by reviewing 
high capacity black boxes for sequential decision-making. 
Regardless of the chosen interpretable black box paradigm, 
AMAs can be trusted without transparency if their power 
or scale is well-tuned to their purpose (as per Fig. 3). How-
ever, steps should be taken to enable debugging where 
applicable. Fairness and moral compliance objectives 
should be distinct from performance objectives [103, 
104], and ideally, post-hoc explanations should be used to 
facilitate easier debugging in case of faulty agents. Even 
after deployment in real-world settings, AMAs and their 
explanations require ongoing evaluation and maintenance. 

Microsoft’s Tay chatbot was an example of a BU agent that 
was initially safe but then exploited by social media users 
to consistently produce racist responses and conspiracy 
theories [105]. Similarly, Google’s Gemini model caused 
controversy when a top-down goal of reductively prioritis-
ing diverse images led it to generate historically-inaccurate 
pictures [106]. As a general rule, explanations or decision 
trajectories should be stress-tested in different scenarios 
and their consistency analysed [19]. Thus, for additional 
safety, we recommend that the MLI for trustworthy black 
box models be consistent explanations or decision trajec-
tories over important subgroups of the populations in the 
dataset. These model qualities are shown in Fig. 6.

4 � Does transparency help us understand 
AMAs?

In this section, we frame interpretability as transparency 
for internal model reasoning, looking at two forms of 
transparency: algorithmic transparency and decompos-
ability [18]. With that in mind, we show below that the 
utility of transparency varies in magnitude and is con-
text-dependent. We propose algorithmic transparency as 
single-agent rules composed into multi-agent rules. Fur-
thermore, we argue that the importance of transparency 
rises with the causal power of the agent, and depends on 
the relevant stakeholders.

In real-world settings, AMAs require higher capacity to 
interact and respond to their environment [72]. For this, 
we assume that the moral paradigm (BU/TD/hybrid) of 
the agent is sufficiently flexible to allow adaptation to new 
environments. With that assumption, the most important 
AMA construction parameters for analysing deployed 
AMAs become the scale and purpose of the agent. We 
note these are both somewhat nebulous terms that incor-
porate aspects outside AMA construction: ‘scale’ encom-
passes the number of model parameters, the capacity to 
act in the world, and the number of other agents which 
interact with it (for instance its users) and ‘purpose’ can 
be defined a priori by developers via its task objectives 
and moral paradigm but is ultimately at the hands of the 
user. Additionally, the purpose of an AMA is dynamic 
and can change with regards to performance capabilities 
achieved at scale. For added clarity when considering both 
construction parameters and transparency terms in the fol-
lowing sections, we centre the discussion of algorithmic 
transparency on AMA construction since specifics of the 
explanation form are less important, and we centre decom-
posability on AMA users since the explanation form is 
paramount to its utility.
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4.1 � The utility of algorithmic transparency depends 
on AMA construction

The Artus-Badea law states that an increase in scale gives 
an AMA more causal power and so more exposure to risk 
[72]. Thus, if an AMA does not have a significant effect 
on the world around it, there is less of a safety requirement 
for transparency to understand the agent’s reasoning [63]. 
Therefore, in such trivial cases, one could get away with 
not implementing any explicit transparency. But moral “sig-
nificance” is not always obvious because of collective agent 
behaviour from horizontally-scaled systems. For example, 
say you design an agent for your own use to analyse the 
sentiment of current news (whether the news is positive 
or negative) so you can prioritise more positive news sto-
ries. This only involves you and is thus unlikely to have a 
direct and significant impact on society, and would be a safe 
AMA without the requirement of transparency. However, 
if you decide to scale the model up or make it into a com-
mercial product so that other people use the same agent, 
then moral questions arise because its effects on society are 
compounded and individuals might experience different uni-
agent effects. For example, we have the development of echo 
chambers within social media websites, the reinforcement 

effect this has on sub-populations (perpetuating their exist-
ing opinions), and then the combined polarising effect on the 
entire population (the radicalisation of opposite sides) [107].

Now onto our proposed MLI for this case. As discussed 
in Sect. 3.2, multi-agent system behaviour used as post-hoc 
explainability can help give us guarantees on general agent 
morality for specific tasks. However, without some level of 
individual agent transparency, we have no guarantees on 
agent subgroup behaviour below a certain (unknown) sub-
group size, and consequently a deeper understanding of the 
overall population becomes intractable. Internal ensembling 
over outputs is a practical way to get probabilistic limits to 
behaviour [108] for black box singular agents and to miti-
gate this population-subgroup mismatch. We discussed how 
Coston et al. [93] used ensembles over function space (i.e. 
potentially vastly different models) to aid in algorithmic fair-
ness but Barnett et al. [109] propose a simpler alternative 
within a reinforcement learning framework that ensembles 
over two models predicting opposite things. They com-
pare the output of rational and irrational teacher models 
to quantify the difference between them and thus produce 
a better “rationality direction” for future decision trajec-
tories. Accordingly, we recommend the MLI for horizon-
tally-scaled AMAs to be a nested combination of black box 

Fig. 6   Summary of black box AMAs and their MLI. Black squares with a blue circle are black box AMAs (color figure online)
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interpretability. Thus our proposal is thinking of algorithmic 
transparency as logical rules [103, 110] (or as probabilistic 
limits [96, 103]) intended for uni-purpose individual agents 
and composed into multi-agent rules (or limits). In other 
words, this means bounding multi-agent systems by bound-
ing uni-agent systems with algorithmic transparency. As 
the agents themselves scale vertically (i.e. their number of 
parameters increases), the range of behaviours each agent 
can perform increases and, when combined in multi-agent 
systems, results in complex collective behaviour [111]. To 
limit the complexity of our discussion, we do not talk about 
this combined vertical and horizontal scaling case further, 
instead moving to focusing on vertically-scaled agents.

Vertical scaling of models is performed through increas-
ing three parameters: training data size (with the assump-
tion that quality stays the same), compute power, and model 
capacity [112]. Although algorithmic transparency has not 
been studied for vertically scaled AMAs directly [13], we 
can use large language models (LLMs) as an approxima-
tion given their ongoing integration into MDM settings like 
medicine [113, 114]. LLMs such as GPT-3 have demon-
strated linear scaling laws for prediction, that is: as the three 
parameters increase, the performance of the model increases 
linearly [112]. However, Ganguli et al. [115] showed that 
although these scaling laws hold at a general level across 
multiple tasks, performance on specific tasks can change 
abruptly at arbitrary scaling points of the three parameters, 
raising questions on what the models are actually learning. 
By reverse engineering neural networks, we are beginning to 
mathematically understand these flows of information [116] 
and discontinuous jumps to qualitatively better performance 
[117] during the learning process. However, these results are 
currently limited to toy models (neural networks with only 
one hidden layer or one attention module) of much smaller 

size than those in deployment and there is thus uncertainty 
about their generalisation to real-world models with multiple 
components [117]. Regardless, the rapid uptake and poten-
tial of these models necessitates guarantees on MDM to 
lessen harmful effects on end-users [118]. Where these guar-
antees are not currently expressible as a proof or formula, 
we propose expressing them as probabilistic guarantees or 
qualitative explanations that reveal opaque agent reasoning. 
These ideas are summarised in Fig. 7. As such, we continue 
the discussion of vertically-scaled agents via decomposabil-
ity in large language models in the following section.

4.2 � The utility of decomposability depends 
on the stakeholder

The main benefit of making interpretability accessible and 
intuitive to non-experts is that, when interpretability is 
viewed as a debugging tool for AMAs, it allows anyone to 
provide feedback for an AMA in order to improve its behav-
iour. Opening up feedback mechanisms at a societal level 
helps us create AMAs that are better-aligned with a diverse 
set of human values, and thus generalise better to unseen 
environments. The main challenge is that non-experts natu-
rally require a simpler explanation than an expert. Not only 
is it difficult to get simple explanations for complex AMA 
reasoning, but there is a trade-off between simplicity and 
accuracy of an explanation [20]. Simpler explanations may 
be more understandable to non-expert users of AMAs but, 
if they become too simple, they can become inaccurate (as 
shown in Fig. 2) and the non-expert would not be aware of 
this. So, what makes an explanation of an agent’s decision-
making intuitive? As has been a common theme throughout 
this paper, there is no single answer since intuitive explana-
tions are dependent on the type of stakeholders and their 

Fig. 7   Summary of AMAs discussed in Sect. 4 along with their MLI. White squares with a blue circle are white box AMAs (color figure online)
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level of interaction with the agent. Suresh et al. [40] ascribe 
two essential facets to stakeholders in interpretability: their 
level of expertise (knowledge within a context), and their 
goals in the long- and short-term. While long-term goals 
(model understanding and trust) are common across all 
stakeholders, short-term goals can differ. Given our focus 
on MDM and user accessibility, we are focused on the (O1), 
(O7), and (T1–4) short-term goals (as defined in [40]) which 
revolve around model debugging, improvement, and feature 
importance [40, 119].

As part of pursuing these goals, we segment our stake-
holders into two functional categories—developers and end 
users—for a clear and concrete analysis of stakeholder con-
cerns in interpretable MDM. Intuitive explanations of agent 
reasoning steps are important for developers and users alike 
so that both can easily modify the AMA to rectify and pre-
vent unintended behaviour (i.e. error reduction) while also 
fine-tuning the agent for more desirable behaviour (i.e. agent 
optimisation). To better align the actions of high-capacity 
AMAs to human values, we have touched on algorithmic 
mechanisms of counteracting bias and designing modular 
objective functions (moral and performance), but these inter-
ventions are restricted to developers. To make alignment 
accessible to the end users, we can instead express these 
algorithmic changes directly through text or other intuitive 
modality forms for humans (e.g. audio, video) [120]. One 
advantage is that this can help level the commercial and 
regulatory playing field between developers and users. Rudin 
[20] describes how the black box nature of models allows 
companies and their developers to get away with some faulty 
individual predictions if their average behaviour is sufficient, 
which the above proposal mitigates. We propose integrating 
decomposability into AMAs, which would mean that expla-
nations would be presented in a way that allows users to 
understand the AMA’s reasoning, giving them more control 
and customisation over the agent, and decreasing the chance 
that developers would be able to exploit them through asym-
metric information [63].

In the same vein, we believe that the success of publicly-
deployed LLMs like ChatGPT is largely due to their use 
of text as an interface for users. The input text for LLMs 
is called a “prompt”—the ease of prompt design and its 
interpretations as both probabilistic and textual inputs have 
inspired new ways of formalising LLMs at multiple inter-
pretability scales [121, 122]. A key paper from this line 
of research is Chain-of-Thought (CoT) prompting [123] 
which involves setting up the prompt with sequential rea-
soning steps (a “rationale chain”) to lead the LLM to give 
its response using a similar rationale chain. Extensions to 
CoT have focused on automating rationale chain generation 
via pre-defined prompt phrases to generate multiple ration-
ale chains [124] and smart pruning of less likely ration-
ale chains [125]. However, CoT reasoning is an emergent 

phenomenon of large models (>100 billion parameters). For 
medium-sized LLMs (10–100 billion parameters), the AI 
safety company Anthropic have found that they can learn 
moral concepts related to harm like stereotyping and bias 
when given clear instructions [126]. Going one step further, 
Jin et al. [47] developed a CoT extension which determines 
when it is appropriate to break moral rules with a provided 
rationale, giving textual explanations for both developers 
and users. Currently, this work is limited to three lower-
stakes situations within the cultural context of the USA but 
the experiments are initial proof that medium-sized (and 
larger) LLMs are capable of learning and reasoning about 
moral obligations [79, 127, 128]. This suggests that larger 
LLMs can also be fine-tuned for specific moral consideration 
by all stakeholders with appropriate datasets.

The arguments above show once again the value of our 
proposal of using decomposability to enhance stakeholder 
accessibility and enable them to do more. Having explained 
the importance of decomposability, we also describe its 
fundamental limitation: oversimplification. Humans are 
complex adaptive systems that exist within the dynamics of 
societal interaction [39]. This complexity means digitisa-
tion (or conversion into “form” [74]) of context-dependent 
human concepts like trust, understanding, or morality is just 
an approximation of the real thing [39]. Explaining these 
digitised concepts, whether internally during processing or 
post-hoc, will only also be further approximations because 
explanations are simplified representations of the original 
model [20, 80]. Inputs to the agent need to contain causal 
information for outputs, otherwise explanations of morality 
cannot translate from humans to machines and back without 
a loss of information, making them brittle and particularly 
harmful to long-term trust [129]. This may seem like a pes-
simistic view of interpretability, but it draws attention to 
the fact that our internal representations of moral principles 
and their subsequent preservation through AMA processing 
are the keys to ensuring useful explanations. Referring back 
to our discussion of form and meaning in Sect. 3.1, use-
ful model decomposition will require adaptive multi-modal 
agents grounded in experience of the world [75, 130].

5 � Discussion

On the one hand, artificial moral agents (AMAs) can be 
created without interpretability and be given sufficient trust 
for moral reasoning in some narrow and well-defined tasks. 
The Interpretation Problem [72] means that we would still 
never get perfect guarantees about moral behaviour but we 
can get around this by building value-based agents that 
can be tested for trustworthiness [54]. However, relying on 
“input–output” tests, like the Moral Turing Test, limits this 
trust because they do not evaluate for “intrinsic” morality 
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or the possibility of several acceptable moral outputs to the 
same inputs. To improve this and make individual agents 
more reliable, we can use principles based on collective 
agent behaviour to guide them and address this issue of trust 
in black box bottom-up agents with opaque internal mecha-
nisms [96]. Additionally, top-down black box AMAs allow 
us to define prior moral constraints and carefully construct 
objective functions in AMAs so their moral reasoning is 
more consistent and predictable [100].

On the other hand, for general-purpose AMAs, we need 
stronger levels of interpretability requirements. While we 
have seen large-scale studies that show it is possible to reli-
ably obtain good general AMA behaviour, a poor under-
standing of the inner mechanics of these agents has still 
resulted in abrupt scaling issues and unintended individual 
agent behaviour [115, 118]. For optimal levels of trust in 
and between agent-developer-user systems, explanations 
at different levels of abstraction, while imperfect [20, 39], 
are imperative to help these AMAs reach safe deployment. 
Importantly, for future work in this area, better quantification 
of moral compliance can decisively aid the understanding 
of interpretability requirements in different contexts, neuro-
symbolic methods can help construct top-down and hybrid 
AMAs [131, 132], and causality across the three rungs of 
Pearl’s ladder [133] will allow us to identify the key drivers 
of specific moral decisions [134–137].

In conclusion, while trustworthy AMAs can be cre-
ated without any level of transparency, they make rigorous 
assessment and risk mitigation of AMAs much more chal-
lenging. For the moral paradigm of an AMA, we recom-
mend top-down or hybrid agents, advocating against the 
use of bottom-up agents due to their higher risk of learning 
improper moral principles when deployed in novel environ-
ments. For AMAs with variable purposes, we believe algo-
rithmic behavioural guarantees are the MLI for uni-purpose 
AMAs, with additional during-processing explanations, or 
task-specific decomposability, being the MLI for general-
purpose AMAs. Additionally, for both of these purposes, 

moral compliance objectives should be as distinct from per-
formance objectives as possible for easier “quantification” 
[19, 54]. For scale, both horizontally- and vertically-scaled 
systems require strong algorithmic behavioural guarantees, 
and for those with multiple stakeholders, intuitive explana-
tions in both algorithmic and textual forms, or stakeholder-
specific decomposability.

These arguments, as previously supported in the paper, 
are crystallised in our Interpretability Corollary to the 
Artus-Badea law [72]: the more power, or higher scale, an 
AMA has, and the more potential it has for a wide user base, 
the more safety and interactivity mechanisms are required, 
and thus a higher MLI is needed, as explored in Fig. 8. In 
other words: with more power comes the requirement for 
a higher Minimum Level of Interpretability.
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